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EPIGRAPH 
"The only reason for time is so that everything doesn't happen at once." 
~Albert Einstein~ 
"Press on- nothing can take the place of persistence. Talent will not; nothing is more 
common than unsuccessful men with talent. Genius will not; unrewarded genius is almost 
a proverb. Education will not; the world is full of educated derelicts. Perseverance and 
determination alone are omnipotent." 
~Calvin Coolidge~ 
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ABSTRACT 
Approximately 45 million people in the United States live, work, or attend schools within 
300 feet of a major road, airport or railroad, and approximately 11% of US households 
reside within lOOm ofhighways making exposure to TRAPs a major public health 
concern (EPA, 2014; Brugge et al., 2007). Vehicle emissions are the primary source by 
which people are exposed to ultrafine particles (particles <1 00 nm in aerodynamic 
diameter, UFP), but there are substantial limitations that impede the Environmental 
Protection Agency' s (EPA) ability to adequately monitor and develop a UFP standard. 
UFPs constitute a developing area of exposure and epidemiological research that requires 
novel modeling approaches to deal with bias stemming from the high spatial and 
temporal variability of this pollutant. This dissertation aids in filling the UFP research 
gap through an examination of the association between UFP and biomarkers of 
cardiovascular health. During the dissertation I have designed, validated and tested a 
novel geocoding methodology and implemented a time-activity exposure assignment 
model as a way to deal with error from various sources that lead to exposure 
Vlll 
misclassification. This dissertation demonstrates: 1) that epidemiological studies focusing 
on proximity to major roadways could have reduced ability to detect true association with 
adverse health effects due to inaccurate geocoding and the effects of population mobility; 
2) that inclusion oftime-activity in the assignment of personal exposure to UFPs produce 
more accurate beta estimates during health analysis; 3) positive associations between 
UFP measured as particle number concentration (PNC) and hsCRP, IL-6 and TNFRll 
that were evident after adjusting for other cardiovascular disease risk factors. To our 
knowledge, this is the first study to examine the association between chronic exposure to 
UFP and biomarkers of systemic inflammation and coagulation. 
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CHAPTER 1. INTRODUCTION TO UL TRAFINE PARTICLES 
There exists a dearth of research on particulate matter (PM) nanoparticles, or ultrafine 
particles (1-lOOnm in aerodynamic diameter, UFP), and associated health outcomes 
(Brugge et al. , 2007; Knol et al. , 2009). UFPs constitute a developing area of exposure 
and epidemiological research that requires novel modeling approaches to deal with bias 
stemming from the high spatial and temporal variability of this pollutant. This 
dissertation aids in filling the UFP research gap through an examination of the 
association between UFP and biomarkers of cardiovascular health. During the 
dissertation I have designed, validated and tested a novel geocoding methodology and 
implemented a time-activity exposure assignment model as a way to deal with error from 
various sources that lead to exposure misclassification. 
Since it is not feasible to individually measure a large sample of the population for an 
extended period of time, modeling is used to estimate personal exposure levels. Due to 
the high spatial and temporal variability ofUFP, specific times of day, such as during 
rush hour traffic, create significantly elevated exposure windows (Baldauf, R., 2008; 
Hagler et al., 2009; Durant et al. , 201 0). Actual exposures during these windows oftime 
depend heavily on the accuracy of where people are physically located. Consequently, 
there is a need to develop and integrate geocoding and exposure assessment models that 
refine residential location ascertainment down to the parcel and unit while integrating 
personal time-activity to more accurately assign exposure. 
As models capable of characterizing pollutants on increasingly smaller spatial and 
temporal scale are developed and utilized for health research, it is incumbent upon 
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epidemiologists to develop and apply exposure assessment models with similar fine scale 
spatial and temporal resolution. This dissertation demonstrates the need for research into 
UFP and health effects, while articulating key research issues that precipitate the need for 
more novel exposure assessment models that incorporate time-activity. The specific aims 
of this dissertation are to: 
1) Integrate and analyze the effect of an enhanced parcel/apartment-unit 
geocoding methodology and adjustment for time-activity on the effect of exposure 
assignment as part of a proximity to highway cardiovascular health study. 
2) Develop an exposure assessment model that includes time-activity data, and 
compare this with a model that does not adjust for time-activity to examine the 
errors and direction of bias in a health outcomes study. 
3) Examine the association between exposure to UFP and Cardiovascular Health, 
measured as biomarkers of systemic inflammation with high sensitivity C-reactive 
protein (CRP), fibrinogen, plasma interleukin-6 (IL-6), and tumor necrosis factor-
a receptor II (TNFRII), adjusting for other exposure and personal variables. 
This dissertation was accomplished working as a researcher on the Community 
Assessment ofFreeway Exposure and Health study (CAFEH), based out of Tufts 
University School of Medicine. This dissertation research improved the CAFEH study by 
integrating an novel geocoding method with a time-activity resolved exposure assessment 
model to conduct a regression analysis on UFP exposure and biomarkers of systemic 
inflammation 
3 
UFP and Health Effects 
Near highway and major roadway air pollutants are a public health concern given that 
roughly 11% of US households are located within 1OOm of four-lane highways (Brugge 
et al. , 2007). Epidemiological studies examining exposure to traffic-related air pollution 
(TRAP) via residential proximity to highway and high traffic density suggest increased 
risk for a variety of adverse health outcomes (Brugge et al. , 2007). Residential proximity 
studies to highways, major roadways and increased traffic have found associations with 
cardiovascular diseases (Hoffmann et al., 2006; Hoffmann et al., 2007; Tonne et al., 
2007; Gan et al., 2010) and biomarkers of systemic inflammation such as high sensitivity 
C-reactive protein (hsCRP) and Interleukin-6 (IL-6) (Hoffmann et al., 2009; Williams et 
·al. , 2009; Rioux et al. , 2010; Brugge et al., 2013). 
Particulate Matter (PM) and other air pollutants emitted from vehicles suggests an 
association with a variety of adverse health outcomes. Exposure to fme particulate matter 
less than 2.5!-lm in aerodynamic diameter (PM2.5) has been associated with increased 
morbidity and mortality and more specifically with cardiovascular and lung cancer 
mortality (Dockery et al. , 1993; Pope et al., 1995; Laden et al., 2006; Pope and Dockery, 
2006). Long-term exposure to local traffic-specific PM2.5 and coarse particulate matter 
less than 1 011m in aerodynamic diameter (PMl 0) has been shown to be associated with 
systemic inflammation biomarkers such as hsCRP (Hennig et al., 2014). A limited 
number of studies have simultaneously examined the relationship between proximity to 
traffic sources and modelled PM2.5 with cardiovascular outcomes and observed stronger 
associations with the proximity variables (Hoffmann et al. , 2007; Fuks et al. , 2014). 
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These results indicate that other TRAPs beside PM2.5 may be driving the excess 
cardiovascular disease risk observed in near major traffic residing populations. Evidence 
of association between cardiovascular diseases from chronic exposure to TRAPs such as 
black carbon, nitrogen oxide and nitrogen dioxide in near highway studies have produced 
varying results (Gan et al. , 2011; Gan et al. , 2014). The relationship between chronic 
personal UFP exposure and adverse health outcomes has not previously been studied by 
epidemiologists (Brugge et al. , 2007; Knol et al. , 2009; Brugge et al. , 2013). However, 
people residing in close proximity to highways and freeways are exposed to higher 
concentrations of UFP and may therefore be at greater risk of health outcomes seen in the 
PM2.5 literature (Brooks et al. , 2004; Delfino et al. , 2009; Brugge et al. , 2013). 
UFPs have the ability to penetrate further into the lung and deposit in greater quantities 
within the alveoli than PM2.5, resulting in systemic effects on the cardiovascular system 
(Brooks et al. , 2004; Knol et al. , 2009). To-date, three mechanistic pathways have been 
identified for PM to affect cardiovascular health (Brooks et al. , 2004; Delfino et al. , 2008; 
Delfino et al. , 2009; Delfino et al. , 2010): 
1) Inflammatory and pro-oxidative signals are generated within the lungs that then 
travel to the heart and circulatory system (Brooks et al. , 2004; Delfmo et al. , 
2008; Delfino et al. , 2009); 
2) Stimulation of the autonomic nervous system from within the lung that affects 
heart rate variability and other cardiovascular responses (Brooks et al., 2004); 
3) UFP and/or polycyclic aromatic hydrocarbons (PAHs) translocated from the 
lungs to the heart and circulatory system and having a direct toxic effect (Geiser 
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et al., 2005; Araujo et al., 2008; Araujo et al., 2009; Delfino et al., 2010). 
A literature review was conducted within PubMed using the terms ultrafine particles and 
inflammation to review the state of the epidemiology literature. Recent studies (see 
Table 1.1) have indicated that traffic-based emissions like Nitrogen oxides (NOx), quasi-
UFP (PM0.25!J.m) and particle number count (PNC, the most common measure ofUFP) 
may be associated with elevated biomarkers of inflammation such as high sensitivity C-
reactive protein (CRP) plasma interleukin-6 (IL-6), and tumor necrosis factor-a receptor 
(TNFRII) (Delfino et al., 2008; Delfmo et al., 2009; Hertel et al., 2009; Panasevich et al., 
2009; Delfino et al., 201 0). 
UFP and Exposure Assessment 
The US Environmental Protection Agency (EPA) in their Integrated Science Assessment 
for Particulate Matter 2009 final report asserts that a lack of epidemiological studies into 
UFP is predominately due to the difficulty researchers have in accurately assigning 
exposure. This would be due to the physicochemical properties of UFP that impose 
significant challenges for representative fixed-site monitoring that has been the hallmark 
of PM2.5 research and the EPA PM monitoring network (EPA, 2009). The crux of 
problem is two-fold: 1) UFP has high spatial variability that requires near-source 
monitoring to accurately capture concentration levels; 2) UFP has large temporal 
variability that needs to be accounted for in exposure assessment models. 
UFP research on particle transport has shown that near the edge of roads there is a 2-4 
fold increase in particle concentration compared to background concentrations (Karner et 
al. , 2010). However, UFP concentrations seen at the edge of highways decay 
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exponentially at increasing distance up to 400-500m away from the highway (Zhu et al. , 
2006; Hagler et al. , 2009, Karner et al. , 2010; Durant et al. , 2010). The variability of 
UFP exposures are further complicated by observed diurnal temporal changes in particle 
concentrations, such as nighttime UFP concentrations being 80% of their corresponding 
daytime exposure (Zhu et al. , 2006). Significant differences in the temporal variability of 
UFP concentrations have been shown to follow rush hour commuter patterns. Increases in 
UFP concentrations between a factor of2 and 5 were observed for downwind monitoring 
sites at 20m, 50m, 1OOm and 300m compared to that of an upwind monitor site during 
rush hour (6:30-8:00AM) (Baldauf et al., 2008; Hagler et al. , 2009; Durant et al. , 2010). 
The spatial and temporal variability seen in UFP requires innovative ways to assess 
exposure in epidemiological studies. These innovations should include a focus on an 
individual ' s availability to receive a dose during specific exposure windows; otherwise 
exposure misclassification may under- or over-estimate the true health effects. 
Characterizing misclassification error will require an examination of classical and 
Berkson error. Classical error can bias (often toward the null) result estimates, while 
Berkson error can largely inflate the standard errors and reduce significance (Reid et al. , 
2004). A core question is whether the error contributed by using the ambient TRAP 
models along with an exposure assessment model that makes personal and group level 
adjustments will bias the estimates of association, inflate standard errors, or both in this 
epidemiologic analysis. 
Studies that rely upon modeling ofPM2.5, NOX and other pollutants have typically 
interpolated pollutant levels or constructed land use regression models utilizing fixed site 
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monitor data to obtain an ambient annual average measurement that is assigned based 
upon where an individual lives (Henderson et al., 2007; Gryparis et al. , 2007; Beckx et 
al. , 2008; Blangiardo et al. , 2010). These models assume that the indoor-outdoor 
associations (effective penetration efficiency) do not vary significantly among 
individuals, and that non-residential exposures are not correlated with residential 
exposures and would therefore not bias the outcome. The limitations of these studies are 
that they do not account for variable time-activity patterns and/or effective penetration 
efficiencies that contribute errors to the exposure model, which might bias or inflate 
standard errors. In recent studies comparing ambient residential exposure models to 
central monitors or with a model that included individual time-activity data, the authors 
found that the ambient personal residential concentrations had weak to moderate 
correlations with central site monitoring and that not adjusting for time-activity 
overestimated true individual exposure (Setton et al., 2008; Blangiardo et al., 201 0; 
Kioumourtzoglou. , 2014). One of these studies examined how the use of time-activity 
data to adjust exposures at the group level produced relative risks 1.5-2.5 times higher 
than the unadjusted ambient residential concentration levels (Blangiardo et al. , 2010). As 
noted, a difficulty epidemiological studies have examining UFP is due to the high spatial 
and temporal variability that require modeling and exposure assessment techniques over 
small areas and short time frames to accurately characterize dose. 
Additionally, mostTRAP and PM epidemiological studies do not take into consideration 
particle infiltration into the home environment or during key exposure periods such as 
vehicle travel. Various studies have reported that ambient UFP penetration into homes 
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can range from 7% to 1 00% depending on factors such as window size and openness, fan 
usage, air exchange rate and ambient concentrations, with the low values occurring in 
studies of unoccupied and tightly sealed buildings (Zhu et al., 2004; McAuley et al. , 
2010; Bhangar et al., 2011; Rim et al., 2013; Fuller et al. , 2013b; Kearney. , 2014). 
Similarly, studies have found that infiltration into vehicles can range from 8% to 100%, 
depending on AC usage, recirculation of air, window opening, age of vehicle, make and 
type ofvehicle and speed; (Zhu et al., 2007; Knibbs et al. , 2010; Hudda et al., 2011; 
Hudda et al., 2012). As part of this research we consider UFP penetration efficiency into 
the indoor and in-vehicle environments. A subset of participants within the CAFEH study 
was recruited for two-week sampling periods to examine UFP home intrusion (Fuller et 
al., 2013). The results of the in-home analysis found that an indoor/outdoor (I/0) of 
approximately 1; with a 25% and 28% reduction when window and central air condition 
was used, respectively (Fuller et al., 2013). Results of the I/0 analysis were used along 
with other sources to develop and test adjustment factor for indoor UFP concentrations in 
the final exposure assessment model. To observe the influence of lower I/0 ratios found 
in the literature on our fmdings we ran separate regression models for association with 
hsCRP and IL-6 to compare effects on the ~-estimates and strength of association. 
CAFEH Study Summary 
CAFEH is a community-based participatory research (CBPR) study of TRAPs and 
cardiovascular health in individuals 40+ years of age living close proximity to the major 
highways interstate 93 and/or Interstate 90 (NIEHS ES015462; PI Brugge). The CAFEH 
study population (N=703) was established via a geographically-weighted randomly-
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selected address recruitment effort in the cities of Boston, Malden and Somerville, MA 
from July 2009 through December 2012 (Figure 1). The random sample (n=575) was 
supplemented by a convenience sample (n=128) within the Somerville and Dorchester 
study areas where participants were recruited from senior housing locations. A subset of 
CAFEH participants attended a study clinic at least once (n=454) and submitted a viable 
peripheral blood sample for analysis of inflammatory biomarkers (n=447). CAFEH 
measured TRAPs (i.e. , particle number (UFP), PM size fractions, PM2.5, NOx, CO, 
black carbon) using the Tufts Air Pollution Laboratory (TAPL) a converted recreational 
vehicle. Details on data collection, quality assurance and processing have been published 
elsewhere (Padr6-Martinez et al., 2012). UFP, measured as particle number 
concentration (PNC) in the 4-3000 nm size range was collected via a condensation 
particle counter (TSI Model3775). The TAPL was repeatedly driven over the same route 
in each study year at a representative set of hours of the day, days of the week and 
seasons from September 2009 to August 2012. The route of each monitoring year 
corresponded with the areas where study participants resided during the year in which 
clinic visits occurred (Patton et al. , 2014; Patton et al., under review). 
Participant recruitment took place over three distinct study years to spatially and 
temporally align with air pollution monitoring. Each study year had both a near-highway 
(NH; :S 500 m from highway) and urban background (UB; 2 1000 m from highway) 
location from which participants were recruited. Somerville, MA is a densely populated 
suburb located roughly 3 miles north from the center of Boston, MA. Somerville has a 
large number of multi-family dwellings, public housing and elderly housing facilities 
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located within close proximity to an eight lane interstate highway (I-93) that runs north-
south through the city. Somerville is the first exit before Boston along I-93 , resulting in 
consistent traffic congestion throughout the morning and evening commuter periods each 
weekday. Other neighborhoods in the study include the South Boston Dorchester 
neighborhoods in Boston which are urban residential areas consisting of a similar 
dwelling makeup as Somerville that are also adjacent to I-93 . The third area is Boston 
Chinatown, which offers a somewhat different exposure profile compared to the other 
two neighborhoods since many residents live in high-rise buildings. The Chinatown 
Boston neighborhood has traffic sources from street congestion, I-93 and Interstate 90. 
Each study area provides a slightly different exposure scenario that encompasses a 
suburban, urban periphery and downtown urban dynamic. 
In summary the CAFEH analysis is a cross-sectional study of monitored and modeled 
UFP measured as particle number concentration (PNC) and that collected corresponding 
human data, including time-activity data and biomarkers of systemic inflammation from 
near-highway and urban background populations. 
Research Papers 
Paper 1: Positional error and time-activity patterns in near-highway proximity studies: 
an exposure misclassification analysis. 
Two potentially significant sources of exposure error in near-roadway epidemiology are 
the time-activity patterns of populations, including time away from home, and the 
geographic accuracy of locating the residential position (Zandbergen et.al, 2007a; Panis 
et al. , 2010; Dhondt et al. , 2012a). Traffic-related air pollutant studies have often relied 
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upon residential distance to highway and major roadways as an indicator of exposure as 
well as modeled concentrations ofPM2.5, NOx, UFP and other pollutants (Henderson et 
al. , 2007; Gryparis et al., 2007; Beck:x et al., 2009; Blangiardo et al., 2011). However, 
many such studies do not account for variable time-activity patterns, which may bias 
results through misclassification of exposure (Panis et al., 2010; Fuller et al., 2012; 
Dhondt et al., 2012b). Additionally, the reliance upon street-network geocoding of 
residential addresses has been shown to introduce positional error with only a small 
number of articles using parcel or ortho-photo correction methods (Zandbergen et al., 
2007a; Cayo et al. , 2003; Zandbergen et al., 2007b; Schootrnan et al., 2007). These 
studies suggest the need for further investigation into the effects of positional error on 
exposure misclassification in health studies. In this paper we examine the influence of 
time-activity patterns and geocoding error on exposure misclassification in a study of 
proximity to highways. We consider the nature of the exposure error and whether time-
activity patterns or geocoding errors are differentially distributed across the population. 
We also propose a novel multi-stage manual correction process to minimize positional 
error. 
Paper 2: Time-activity adjustment of exposure estimates to traffic-related ultrafine 
particles strengthens association with biomarkers of systemic inflammation. 
Novel modeling approaches are needed to address exposure misclassification stemming 
from the high spatial and temporal variability ofUFP (Delfino et al., 2005; Sioutas C et 
al., 2005; HEI, 2013). UFP concentrations have been shown to vary greatly over both 
space and time (Zhu et al., 2006; Karner et al., 2010; Durant et al., 2010; Padro-Martinez 
et al., 2012; Patton et al. , 2014). Precise geolocation of residences and fine temporal 
gradation of pollution models are essential to accurately determine exposure (Luc Int 
Parris, 2010; Lane et al. , 2013 ; Brugge et al. , 2013). Since people do not spend all their 
time at home, let alone immediately outside their residence where ambient levels are 
often assessed, assignment for TRAPs such as UFP needs to also account for personal 
time-activity patterns and infiltration into buildings (Beckx et al., 2008; Luc Int Parris, 
2010; Dons et al., 2011 ; Lane et al. , 2013). 
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The goal of paper 2 was to determine the association oftime-activity adjusted (TAA) 
PNC with biomarkers of systemic inflammation (Fuller et al. , 2013a). Here we compare 
exposure assignment from residential ambient annual average (RAA) PNC and TAA-
PNC models. To better understand the importance of various aspects of time activity 
adjustment, we test the association between TAA-PNC models and hsCRP and IL-6 with 
inclusion of adjustment factors. Our goal is to develop preliminary evidence of the value 
of time activity adjustment for improving exposure assessment for environmental 
epidemiology. 
Paper 3: Chronic exposure to ultrafine particles and association with biomarkers of 
systemic inflammation. 
The high spatial and temporal variability of UFP concentrations has led to a recognized 
need to improve exposure assessment models for personnel assignment of UFP for 
chronic epidemiology studies (Delfino et al. , 2005; Sioutas C et al. , 2005; HEI, 2013). 
Location, time of day and the microenvironment are essential parameters to accurately 
determine exposure to TRAPs with high spatial variability such as UFPs (Luc Int Parris, 
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2010; Lane et al., 2013; Brugge et al., 2013). This problem is compounded by evidence 
that people do not spend all their time at home and therefore exposure assignment for 
traffic related air pollutants (TRAP) like UFP will need to account for personal time-
activity patterns (Beckx et al., 2008; Luc Int Panis, 201 0; Dons et al., 2011; Lane et al., 
2013). CAFEH was able to overcome these issues by employing a dense mobile 
monitoring effort that encompassed all the study participants, allowing us to model and 
estimate local hourly ambient PNC values that were adjusted for participant time-activity 
in order to calculate personal annual UFP exposures. Paper three examines the 
association between chronic exposure to UFP (measured as particle number 
concentration; PNC) and the biomarkers of systemic inflammation high-sensitivity CRP, 
IL-6, tumor-necrosis factor alpha receptor II (TNFRII) and the biomarker of coagulation 
fibrinogen. 
The CAFEH study has developed a refined spatiotemporal models for UFP exposures and 
has novel health outcome data in the form of biomarkers of systemic inflammation. 
However, without this dissertation the CAFEH study would not have included an 
approach to move from ambient concentrations to metrics more closely aligned with 
personal exposures, nor does it include explicit consideration of the implications of this 
alternative modeling approach. This dissertation research, greatly enhanced the ability for 
CAFEH to detect associations between exposure and health outcomes and improve the 
state of exposure assessment science in the field of air pollution. 
Table 1.1. Association between traffic exposure and biomarkers of inflammation matrix table. 
Population UFP Exposure Inflammation Results Biomarkers 
Nonsmoking Indoor and outdoor measures of size-
elderly subjects fractionated 24-hr mean mass CRP (3.13 ± Ambient quasi-ultrafme (PM0.25) (mean age = 85.7 ± concentrations (f.Lg/m3) of quasi-UFPs, 3.80mg/l), IL-6 (2.95 concentrations were more strongly and Delfino et al., 5.94) with history 0- 0.25 f.im in diameter (PM0.25); 
± 2.32pg/ml), TNFa positively associated with biomarkers 2008 of Coronary Artery accumulation-mode particles, 0.25-2.5 (1.82 ± 2), sTNF-RII of inflammation (CRP, IL-6, and Disease (n=29) f.Lm in diameter (PM0.25-2.5);and coarse (3,933 ± 1,555pg/ml) TNFa) than was PM2.5. 
residing in L.A. mode particles, 2.5- 10 f.Lm in diameter 
basin. (PM2.5-10). 
- Significantly higher IL-6 levels and 
Men: CRP (2.4 ± positive effect estimates (one 
1028 men and 508 Two central site monitors were used to 5.8mg/l), IL-6 (4.7 ± statistically significant) were found for 
Panasevich et women aged 45-70 measure and assign short term exposure 17.8ng/l), TNFa (2.2 CRP levels after long term exposure to 
al.,2009 years (mean age = to N02, PM10, 03 and S02 for 0-12hrs, ± 1.9ng/l). Women: elevated residential1evels of traffic-58.9 ± 7.2) residing 12-24hrs, 48hrs and 120hrs averages CRP (2.6 ± 4.9mg/l), related N02. Long-term exposure to 
in Stockholm. before blood samples were taken. IL-6 (6.3 ± 22.7ng/l), source-specific air pollution was not 
TNFa (2.3 ± 1.8ng/l). associated with significant differences 
in the levels of TNF -a. 
2,014 men and A positive association between PN and 
1,985 women aged hsCRP could be observed only for 
single day lags and for averaged PN 
Hertel et al., 45-75 years (mean Central site monitoring of particle concentrations with higher estimates for 
2010 age= 59± 7.7) number concentration were used to CRP (3.0 ± 5.2) longer averaging times. The highest 
residing in 3 large assign lags of exposure. hsCRP increase of7.1% (95%-CI: 1.9, 
adjacent cities in 12.6%) was found for the 21-day 
Germany. 
average. 
...... 
~ 
Nonsmoking Indoor and outdoor measures of size-
elderly subjects fractionated 24-hr mean mass 
(mean age 84.I ± concentrations (f.!g/m3) of quasi-UFPs, 
Delfino eta!. , 5.60) with history 0--0.25 f.!ill in diameter (PM0.25); 
2009 of Coronary Artery accumulation-mode particles, 0.25- 2.5 
Disease (n=60) J.!m in diameter (PM0.25- 2.5);and coarse 
residing in L.A. mode particles, 2.5-IO f.!m in diameter 
basin. (PM2.5 10). 
Nonsmoking Indoor and outdoor measures of size-
elderly subjects fractionated 24-hr mean mass 
(mean age 84.I ± concentrations (f.!g/m3) of quasi-UFPs, 
Delfmo et a!. , 5.60) with history 0--0.25 J.!m in diameter (PM0.25); 
20IO of Coronary Artery accumulation-mode particles, 0.25-2.5 
Disease (n=60) f.!m in diameter (PM0.25- 2.5);and coarse 
residing in L.A. mode particles, 2.5- IO f.!ill in diameter 
basin. (PM2.5-10). 
CRP (2,434 ± 
3,I8Ing/ml), IL-6 
(2.42pg/ml) and TNF-
RII (3,6IO ± 
I ,489pg/ml) 
IL-6 (2.42pg/ml) and 
TNF-RII (3 ,6IO ± 
I ,489pg/ml) 
Primary combustion markers (EC- BC, 
OCpri, CO, N0x- N02), but not SOC, 
were positively associated with 
inflammatory biomarkers. Particle 
number and PM0.25 were more 
strongly associated with biomarkers 
than PM0.25- 2.5. 
Strongest biomarker associations with 
air pollutant variables for all molecular 
weight classes of P AHs and specific 
source markers of vehicular emissions 
(hopanes) measured in PM0.25 with 
GC/MS. Furthermore, two-pollutant 
models of the relation between the 
biomarkers of systemic inflammation 
and both total PAHs and PM0.25 mass 
showed that mass associations were 
completely explained by PAHs. 
-VI 
Figure 1.1: CAFEH study population by areas (N=703). 
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Abstract 
Background: The growing interest in research on the health effects of near-highway air 
pollutants requires an assessment of potential sources of error in exposure assignment 
techniques that rely on residential proximity to roadways. 
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Methods: We compared the amount of positional error in the geocoding process for three 
different data sources (parcels, TIGER and StreetMap USA) to a "gold standard" 
residential geocoding process that used ortho-photos, large multi-building parcel layouts 
or large multi-unit building floor plans. The potential effect of positional error for each 
geocoding method was assessed as part of a proximity to highway epidemiological study 
in the Boston area, using all participants with complete address information (N=703). 
Hourly time-activity data for the most recent workday/weekday and non-
workday/weekend were collected to examine time spent in five different micro-
environments (inside of home, outside of home, school/work, travel on highway, and 
other). Analysis included examination of whether time-activity patterns were 
differentially distributed either by proximity to highway or across demographic groups. 
Results: Median positional error was significantly higher in street network geocoding 
(StreetMap USA = 23 m; TIGER= 22 m) than parcel geocoding (8 m). When restricted 
to multi-building parcels and large multi-unit building parcels, all three geocoding 
methods had substantial positional error (parcels = 24 m; StreetMap USA = 28 m; 
TIGER= 37m). Street network geocoding also differentially introduced greater amounts 
of positional error in the proximity to highway study in the 0-50 m proximity category. 
Time spent inside home on workdays/weekdays differed significantly by demographic 
variables (age, employment status, educational attainment, income and race). Time-
activity patterns were also significantly different when stratified by proximity to 
highway, with those participants residing in the 0-50 m proximity category reporting 
'significantly more time in the schooVwork micro-environment on workdays/weekdays 
than all other distance groups. 
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Conclusions: These findings indicate the potential for both differential and non-
differential exposure misclassification due to geocoding error and time-activity patterns 
in studies of highway proximity. We also propose a multi-stage manual correction 
process to minimize positional error. Additional research is needed in other populations 
and geographic settings. 
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Background 
People residing in close proximity to highways and freeways are exposed to higher 
concentrations of potentially harmful pollutants such as ultrafine particulate matter (UFP; 
aerodynamic diameter <1 00 nm), black carbon (BC), nitrogen oxides (NOx), and carbon 
monoxide (CO). Peak exposures to traffic-related pollutants occur during travel on roads 
where in-cabin time-activity significantly contributes to an individual ' s total personal 
exposure profile (Knibbs et al., 2010; Dons et al. , 2011 ; Dons et al. , 2012). 
Concentrations of these pollutants exponentially decay with increasing distance from the 
highway, with highest concentrations appearing over the frrst 50 meters and distribution 
observed up to 400-500 m (Zhu et al., 2006; Hagler et al., 2009; Karner et al., 2010; 
Durant et al. , 2010; Padr6-Martinez et al. , 2012). The characterization ofUFP and other 
near-road exposures is complicated by observed diurnal and seasonal changes in 
concentrations, with high concentrations in early morning and winter seasons (Zhu et al., 
2006; Padr6-Martinez et al. , 2012). Temporal variability ofUFP concentrations has been 
shown to follow morning rush hour patterns, with increases in UFP concentrations 
between a factor of2 and 5 observed during local rush hour periods (6:30-8:00 AM) (Zhu 
et al. , 2006; Hagler et al. , 2009; Durant et al. , 2010; Padr6-Martinez et al. , 2012 Baldauf 
et al. , 2008). The spatial and temporal variability seen in near-highway air pollutants 
requires precise and innovative methods to assess exposure in epidemiological studies. 
Two potentially significant sources of exposure error in near-roadway epidemiology are 
the time-activity patterns of populations, including time away from home, and the 
geographic accuracy of locating the residential position (Zandbergen P. 2008; Panis L. 
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2010; Dhondt et al., 2012). Traffic-related air pollutant studies have often relied upon 
residential distance to highway and major roadways as an indicator of exposure as well as 
modeled concentrations of fine particulate matter (PM2.s), NOx, UFP and other pollutants 
(Henderson et al. , 2007; Gryparis et al. , 2007; Beckx et al. , 2009(a); Blangardio et al. , 
2011). However, many such studies do not account for variable time-activity patterns, 
which may influence epidemiological study findings through misclassification of 
exposure (Panis L. 2010; Fuller et al. , 2012; Dhondt et al. , 2012). Additionally, the 
reliance upon street-network geocoding of residential addresses has been shown to 
introduce positional error with only a small number of articles using parcel or ortho-
photo correction methods (Zandbergen P. 2007; Cayo & Talbot. 2003; Zandbergen & 
Green. 2007; Schootman et al. , 2007). These studies suggest the need for further 
investigation into the effects of positional error on exposure rnisclassification in health 
studies. 
In this study we examine the influence of time-activity patterns and geocoding error on 
exposure misclassification in a study of exposure to pollution from highways. We 
consider the nature of the exposure error and whether time-activity patterns or geocoding 
errors are differentially distributed across the population. We also propose a multi-stage 
manual correction process to minimize positional error. 
Methods 
Study Population 
The Community Assessment of Freeway Exposure and Health study (CAFEH) is a 
community-based participatory research (CBPR) study of near-highway traffic-related air 
pollutants and cardiovascular health in individuals 40+ years of age living within close 
proximity to major highways (Fuller et al. , 2013). The CAFEH sample was established 
via a geographically-weighted randomly-selected address recruitment effort, plus a 
convenience sample within each study area in the cities of Boston, Malden and 
Somerville MA from July 2009 through December 2012 (Figure 2.1). 
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Within the City of Boston, the CAFEH study recruited participants from three 
neighborhoods - Chinatown, Dorchester and South Boston - that contain different 
geographic and demographic profiles. Interstate highway (I-93) bisects Somerville and 
serves as a neighborhood boundary for South Boston and Chinatown while the 
recruitment area for Malden is located greater than 1000 m away from the nearest 
highway (Figure 2.1 ). A second interstate highway (I -90) is an open sunken highway that 
runs perpendicular to I-93 and intersects the Chinatown neighborhood. Northeast of the 
Chinatown neighborhood there is a tunnel exit for I-93 that is approximately 225m from 
a portion of the study participants residing in this study area. Convenience and randomly 
selected participants are spread throughout all of the study areas regardless of distance to 
highway. 
Participants completed an in-home administered questionnaire (N=703) providing 
demographic information (age, gender, income, education, race, etc.) and information on 
a variety of other topics related to our exposure and health outcomes of interest (diet, 
physical activity, stress, medications, diagnosed illnesses, etc.). Participants who 
completed an in-home questionnaire were asked to also come to one or two clinic visits 
with a study nurse to measure blood pressure and draw a blood sample (first clinic 
N=454; second clinic N=222). 
Geographic data 
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ESRI ArcGIS 10.1 (ESRI, Redlands, CA) was used for all geocoding and spatial data 
processing. Residential street addresses and apartment numbers (when applicable) were 
verified by the CAFEH field team during in-home interviews. The study sample 
consisted of 703 participants with verified addresses, not including one individual with an 
incomplete street address. Residential addresses were geocoded using three separate 
address location datasets that utilized an internal geocoding service: StreetMap USA 
street network (StreetMap) from 2010, the TIGER street network from 2011 , and parcel 
gee-databases. Parcel address datasets were obtained for Somerville and Boston from the 
GIS and city planning departments in 2011 and 2012 respectively. Malden parcel data 
and ortho-photos for all three study cities were obtained from the Massachusetts Office of 
Geographic Information (MassGIS) for 2012. 
Address matching is based upon accuracy of the datasets matched on spelling between 
the address dataset and the geocoding service. Street network geocoding uses a dual 
address range with interpolation to assign an address point to left and right sides of the 
road based on start and end numbers for road segments. The dual address range allows 
for greater match-rates to occur since they are matched on the spelling of the street name 
data fields. The geocoding process then identifies which road segment contains the 
address number within the range without confirming its existence (Zandbergen P A. 
2008). Parcel geocoding relies upon 1:1 address matching to individual land polygons or 
31 
their centroids, which contain a singular address number that can be matched. The dual 
address range interpolation process of street-network geocoding improves the likelihood 
of an exact match compared to parcel geocoding, but parcels are considered to have 
higher spatial accuracy (Zandbergen P A. 2008). A spelling sensitivity score of 80 with a 
minimum match score of 60 was used during geocoding for TIGER, StreetMap and 
parcel matching. Manual interactive matching was performed for addresses that were 
either unmatched or had a score below 80 to obtain the highest number of reliable 
matches. StreetMap and TIGER geocoding for all complete participant addresses resulted 
in a 99% match with less than 4% of addresses that did not report a match score of 100. 
Parcel address geocoding matched 92% of all addresses. The positional error analysis 
was restricted to the 64 7 participant addresses that were successfully geocoded to 
StreetMap, TIGER and parcel databases. 
We established true ground location by manually moving all parcel geocoded address 
points from the middle of the parcel (centroid) to the middle of the residential building 
using ortho-photos (Figure 2.2). 
Ortho-photos are vertical aerial photographic images of the Earth that have been gee-
referenced to known GPS coordinates and geometrically transformed to account for 
topographic relief through a rectification process (USGS, 2003). The ortho-photo images 
used for this analysis came from 2008-2009 flyovers of Massachusetts and are listed as 
having a horizontal error ofless than one meter (MassGIS. 2011). Ortho-photos are 
considered to have more reliable spatial accuracy than street networks and parcels since 
ortho-photos are used to create vector maps through a process known as digitizing in 
GIS. Distance measures obtained from ortho-photo maps are considered more reliable 
than digitized vector maps. Ortho-photos are considered a gold standard for location 
verification and have been used in studies to assess positional error in street network 
geocoding (Cayo & Talbot. 2003 ; Schootman et al. , 2007; Strickland et al. , 2007). 
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Parcel building and apartment layout maps were obtained through community partners 
contacting building management and housing authorities, and these maps were gee-
referenced within ArcGIS to the ortho-photos (Figure 2.2). This allowed for correct 
building and unit assignment for participants residing on large multi-building parcels and 
in apartment buildings, such as public and senior housing facilities . These plans were 
used for building and apartment unit assignment for 27% of the study population. Large 
multi-unit buildings and multi-building parcels that did not have floor plans or building 
layouts had their parcel geocoded positions corrected to the middle of the building or 
parcel (n =50, 7% of total study population). It should be noted that gee-referenced 
scanned parcel/building layout maps still have the potential for errors in spatial accuracy 
such as the stretching of an image between two or more gee-referenced positions, also 
referred to as "rubber sheeting". Latitude and longitude coordinates in the 
Massachusetts state plane projection were obtained for StreetMap, TIGER, parcel and 
ortho-photo corrected residential positions and were used to calculate the distance 
between the three geocoding methods and the ortho-photo corrected position. 
The Massachusetts Department of Transportation road centerline layer contains a road 
width field that we used in ArcGIS to convert the centerlines into an edge of highway 
buffered road layer that we inspected for accuracy to the ortho-photos and used to 
33 
calculate Euclidean distance to the edge of the nearest highway. The edge of highway 
buffered road layer created from the road width field covers only th~ vehicle traveling 
lanes while excluding breakdown/emergency lane or the shoulder of the road. Distance to 
the nearest highway was determined for each geocoding method and the ortho-photo 
corrected residential locations to analyze the potential for exposure misclassification in a 
near-highway distance proximity study. 
Micro-Environment Time-Activity 
Hourly time-activity data were collected during the in-home survey and as part of the 
second clinic visit via questionnaire for the most recent workday and non-workday for 
participants who worked full- or part- time, or were full-time students. Participants who 
were retired, disabled, worked in the home or were unemployed were asked to provide 
information on their most recent weekday and weekend. Workday and weekday data 
were pooled together along with non-workday and weekend for analysis except when 
stratified by employment status. Based on this method, hourly micro-environment data 
were recorded for time spent inside of the home, outside of the home (in open air), at 
work/school, and at "other locations" (which include non-highway travel, open air, and 
indoor). Participants were asked to report highway travel separately on a minute scale for 
each hour of the day without detail on mode of transport. Highway travel data allowed for 
fractional integration with hourly micro-environment data. For example, a participant 
could indicate that they were inside the home micro-environment from 6-7 AM on a 
workday, but also report 30 minutes of highway travel during the same hour. This would 
allow for 30 minute contributions to both the inside of home and highway micro-
environments during the 6-7 AM hour. Micro-environment time-activity analysis was 
restricted to participants with a complete 24-hour record for both the workday and non-
workday questionnaire (N=663) (Figure 2.3). 
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CAFEH participants recruited during the first two years from the Somerville, Dorchester 
and South Boston study areas were asked to take part in two clinics attended by 222 study 
participants, with 169 participants fully completing a second time-activity datasheet for 
both workday/weekday and non-workday/weekend (for a total of four time-activity 
datasheets) (Figure 2.3). There was an average of 5.4 months between in-home surveys 
and second clinic surveys, capturing seasonal variation. Data from participants who 
completed time-activity datasheets as part of the in-home survey and second clinic were 
examined for within-person variability of micro-environment time allocation. 
Statistical Analysis 
All statistical analyses were performed using SAS® (Statistical Analysis Software, Cary, 
North Carolina) version 9.12. Bivariate analyses were conducted using t-tests and 
Wilcoxon tests to compare means and medians for normally and non-normally distributed 
continuous variables, respectively. Analysis of variance (ANOVA), with a post-hoc 
Tukey test, was used to compare means of normally distributed continuous variables 
between multiple category variables. Differences in medians for non-normally 
distributed continuous variables for multiple groups were calculated using Wilcoxon tests 
with a post-hoc Bonferroni correction for multiple comparisons (a/# oftests). Chi-square 
analysis was used to compare differences in proportions. All statistical tests were two-
sided and a p-value <0.05 was considered statistically significant. 
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Paired t-tests were conducted to examine the mean difference in total hours spent in each 
micro-environment between the first and second survey. Tests of mean difference 
between the first and second survey were restricted to only those participants that had 
fully completed all four micro-environment time-activity datasheets (N=169) obtained 
during the in-home questionnaire and second study clinic. Multi-variable regression 
models were used to explain the variability of time spent inside ofhome for those who 
completed a second questionnaire as a function of demographic and other variables. 
We examined predictors of total and hourly time allocation for the "inside home" micro-
environment using univariate regression models. A multivariate regression model was 
run to examine the amount of variation that could be explained for the daily total "inside 
home" micro-environment as a function of potential confounders or effect modifiers that 
most epidemiological studies would have collected (i.e. age, gender, income, education, 
race and employment status). A logistic regression model using the same predictors was 
run to examine the odds ratio of participants reporting being inside of the home for each 
hour of the day. 
Analysis of spatial error in geocoding methodologies consisted of descriptive statistics 
and comparison of ortho-photo corrected locations to each geocoding methodology for 
measures of agreement as part of a proximity to highway exposure study. For this 
analysis, we presumed that study participants were assigned to one of six distance to 
highway categories (0-50 m, 51-150m, 151-250 m, 251-450 m, 451-999 m and >=1 000 
m), and we evaluated the ability of StreetMap, TIGER and parcel geocoding to correctly 
assign participants to their true distance bins. 
Results 
Geocoding Positional Error 
Ortho-photo corrected residential locations were compared to StreetMap, TIGER, and 
parcel residential locations (Table 2.1 ). 
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As observed elsewhere (Zandbergen P A. 2008) the distribution of positional errors was 
highly skewed with a small number of extreme values, so we focused on median 
positional error in our core comparisons. StreetMap and TIGER street network geocoding 
were found to have a significantly greater median positional error (23m and 22m 
respectively) than parcel geocoding (8 m). Street network geocoding also had a 
significantly higher median positional error than parcel geocoding when stratified by 
study area, with the exception of the South Boston neighborhood which included only 14 
addresses in one large public housing complex (Supplemental Table 2.1). 
To better understand the effect of housing type on positional error, we compared large 
multi-building and multi-unit parcels with "other" housing stock (defined as single family 
as well as double and triple-decker homes). The median positional error for large multi-
building and multi-unit parcels (24m) was more than five times the median positional 
error for single and multi-family homes (3 .8 m). Parcel geocoding had a significantly 
lower median positional error compared to both street network geocoding datasets for the 
"other" housing stock (Table 2.1). No appreciable difference in positional error was 
detected between the street network geocoding methods and parcel geocoding when 
analysis was restricted to large multi-building and multi-unit parcels. 
We examined the association between positional error and the demographic variables 
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age, education, employment, gender, income, and race using univariate regression 
analysis. None of these demographic variables were found to be significant predictors of 
positional error for any of the geocoding methods (results not shown). 
Using a distance to highway categorical variable in the context of a highway proximity 
study, both street network geocoding datasets had more errors than parcel geocoding, 
with fewer confirmed matches and higher percent false positives and false negatives in all 
distance groupings (Table 2.2). 
The probability ofthe street networks correctly assigning participants to their true 
distance highway group ranged from 50%-98% across distance groups. The parcel 
geocoding probability for true exposure assignment ranged from 80%- 99%. The 0-50 m 
group had the lowest sensitivity for both street network geocoding datasets, and had the 
second lowest sensitivity for parcel geocoding. 
Micro-Environment Time-Activity 
Hourly micro-environment time-activity patterns indicated differences in mobility 
patterns for workday/weekday and non-workday/weekend (Figure 2.4 & Supplemental 
Figure 2.1 ). 
Participants reporting full-time employment, part-time employment or being a full-time 
student had a diurnal pattern of travel that was significantly different from non-employed 
participants (Table 2.3 & Supplemental Table 2.2). 
The inside home micro-environment accounted for the largest workday/weekday and 
non-workday/weekend total time-activity allocation with a mean of 17.6 hrs and 19.4 hrs, 
respectively, for all participants (Table 2.3 & Supplemental Table 2.3). Micro-
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environment time-activity allocation was different for workday/weekday and non-
workday/weekend (Table 2.3 & Supplemental Table 2.2). Hourly total time-activity 
patterns for the workday/weekday and non-workday/weekend of study participants 
differed significantly by age, race, employment status, educational attainment and income 
for the inside home and schooVwork micro-environments (Table 2.3 & Supplemental 
Table 2.2). Although there are significant differences in time-activity allocation for the 
five micro-environments, only the differences in the inside home micro-environment 
consistently had a magnitude greater than one hour. 
Univariate regression models were developed to examine the association between 
workday time spent inside home and demographic variables including age, race, gender, 
educational attainment, income and employment status (Supplemental Table 2.3). The 
dichotomous variable employed/unemployed was found to be the largest predictor of 
total time spent inside the home (R2 = 0.49). A multi-variable regression model 
combining the demographic factors age, race, gender, educational attainment, income and 
employment status found that approximately 53% of the variability in total workday time 
spent inside home could be explained (Table 2.4). 
Race was not found to be a significant predictor in the multi-variable regression model 
and when removed the R2 was reduced to 52% (results not shown). A multi-variable 
regression model using the same demographic variables was developed to explain non-
workday/weekend total hours spent in the inside home micro-environment, but was able 
to account for only 11% of the variability. Regression models also were run for the 
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workday/weekday and non-workday/weekend second clinic visit and were found to have 
similar patterns (Table 2.4). 
Workday/weekday micro-environment time-activity data indicated that a substantial 
portion of the population is not at home from 6-10 AM (Figure 2.4), a key exposure 
period when UFP levels are often elevated near the highway, including in the CAFEH 
study area in Somerville (Hagler et al., 2009). A logistic regression model was run to 
examine the odds of being inside of the home during each hour as a function of 
demographic variables (Supplemental Table 2.4). Employment status was significantly 
associated with the odds ofbeing at home from 6-10 AM. Those with less than high 
school education were also significantly more likely to be inside the home during the 6-7 
AM and 7-8 AM hours of the workday/weekday. 
Time spent in each micro-environment was stratified by distance to highway bins to 
examine the relationship between proximity to highway and time-activity patterns. The 0-
50 m group had the lowest mean time spent inside of the home for workday/weekday 
(16.3 hrs) and non-workday/weekend (18.4 hrs), and a significantly greater 
workday/weekday mean time spent at work/school (6.0 hrs) than all other distance 
groups. There was less variation in the time-activity patterns for non-workday/weekend 
by distance groups (Table 2.5). 
No significant mean difference in total time reported for workday/weekday micro-
environment time-activity was detected between the first and second survey, and no 
micro-environment had a difference exceeding one hour (Table 2.6). 
Significant mean differences between first and second time-activity surveys were 
observed for the non-workday/weekend micro-environments school/work, other, and 
highway travel, but these differences constituted less than one hour. 
Discussion 
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An exposure assignment that relies upon residential location with modest positional error 
may be appropriate for pollutants with less spatial and temporal variability than UFP 
(such as PM2.s). But for pollutants that decay rapidly as a function of distance from 
highways and major roadways, tens to hundreds of meters of positional error coupled 
with significant time spent away from home could have a profound effect on exposure 
misclassification, including possible differential misclassification. 
Geocoding Positional Error and Exposure Misclassification 
Even when using validated geospatial databases, geocoding of addresses to street 
networks can introduce substantial positional error in studies where exposure may vary 
over tens of meters .. Our results indicate a median positional error of 22 m in our study 
domain using TIGER (Table 2.1), similar to Schootman et al. , who observed a median 
error of 31 m and 26 m when geocoding 261 residential addresses to an older version of 
TIGER and data from a commercial geocoding firm respectively (Schootman et al., 
2007). Numerous other GIS studies have shown that geocoding addresses to the TIGER 
or commercially available street networks such as StreetMap can contribute larger 
amounts of positional error (Zandbergen P. 2007; Cayo & Talbot, 2003; Zandbergen & 
Green. 2007; Schootman et al., 2007), but even the amount of spatial error in our study 
can potentially bias epidemiological results. This is highlighted by the lowest sensitivity 
in the highest exposure group (0-50 m proximity group), indicating that differential 
41 
exposure misclassification related to geocoding was an issue for our population (Table 
2.2). 
The results of our analysis confirm the findings of a smaller sample (N=126) by 
Zandbergen and Green, which identified a problem with sensitivity in the placement of 
school buildings into major roadway distance cut points when using street networks to 
geocode addresses (Zandbergen & Green. 2007). Although the results of Zandbergen and 
Green may be affected by sample size, the distance cut-point groups they used (0-50 m, 
51- lOOm and 101-150 m) led to sensitivities ofO%, 33% and 67% respectively for three 
out of four street-network geocoding databases (Zandbergen & Green. 2007). Our 
sample size (N=647) allowed for a more robust analysis of similar proximity cut points, 
but also found exposure misclassification to be differential with respect to distance to 
highway. Thus, effects of positional error on associations with health cannot be 
confidently assumed to be non-differential or biased only towards the null. 
Geocoding to local or county created tax parcel databases is used less frequent in 
environmental health studies, but has been shown in this study and others to introduce 
less positional error than geocoding to street networks (Cayo & Talbot. 2003; 
Zandbergen P A. 2008; Strickland et al., 2007). Parcel geocoding is considered and has 
been shown in previous literature to be more spatially accurate then street-network 
geocoding (Cayo & Talbot. 2003; Schootman et al., 2007; Zandbergen PA. 2008; 
Strickland et al., 2007). Our results deviate from previous literature and identify that 
parcel geocoding preformed no better than street-network geocoding when analysis was 
restricted to large multi-building parcels or large multi-unit buildings commonly seen in 
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public and senior housing complexes (Table 2.1). We also discovered during the process 
of utilizing ortho-photos to ascertain true-ground location for large multi-unit parcels and 
buildings that these locations benefitted from manual adjustment that corrects the 
position to the physical location of the building through the use of scanned and 
georeferenced parcel/unit building layouts. Previous studies that have utilized parcel data 
sets have either not reported methodology for accurately assessing multi-building parcels 
or have restricted their analyses to remove these participants (Cayo & Talbot. 2003; 
Strickland et al., 2007). 
To the best of our knowledge, our efforts to reduce positional error through inclusion of 
ortho-photo and geo-referenced parcel/unit building layout maps in this study are the first 
application of these methods to environmental health research. The ability to do this was 
based partly on readily available datasets (MassGIS), pre-established relationships with 
housing authorities and our community partners reaching out to building management. 
This is an example of how CBPR can benefit the analytical aspect of environmental 
health research. We acknowledge that the manual steps taken to reduce positional error 
were conducive to the size of our study (N=703). Researchers working with large cohorts 
will need to weigh the benefits of reducing positional error against the additional 
computational resources and time requirements. Conversely, smaller cohort studies that 
are able to reduce exposure misclassification from spatial error during the geocoding 
process by utilizing ortho-photo and scanned parcel/unit layouts will be able to increase 
their power to detect significant associations and reduce the need for larger cohorts. 
Researchers may want to at minimum geocode to parcel datasets, where available, to 
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reduce positional error and consider restricting analysis by housing type. It may not be 
possible to completely eliminate positional error from the geocoding process, but 
recognizing the effects it can have on health analysis of pollutants with significant spatial 
variability is important. 
Micro-Environment Time-Activity 
Our study population spent the vast majority of its time within the inside-home 
microenvironment. As a result, personal exposure to ambient pollutants will depend on 
factors such as infiltration to the indoor residential environment, concentrations during 
time in traffic, and so forth. Studies using personal exposure monitoring and time-activity 
tracking through the use of Global Positioning System (GPS) units have shown that 
simple residentially assigned exposure to traffic-related pollutants misses significantly 
elevated exposures from time spent in or near heavy traffic (Dons et al. , 2011; Wu et al. , 
2012). Consequently, there is a need to develop exposure assessment models that 
integrate personal time-activity to more accurately assign exposure (Panis L. 201 0). 
Our time-activity results indicated significant differences in mobility patterns of the study 
population across demographic variables as well as significant misclassification of 
exposure that is not equally distributed across all distance groups (Table 2.3 and 
Supplemental Table 2.2). Participants residing in the 0-50 m distance group reported 
significantly more hours at school/work on workday/weekday than all the other distance 
groups and spent the least amount of time within the home. 
The relationship between proximity to highway and time-activity identified in this study 
introduces two issues epidemiologists may need to consider. First, models that assign 
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ambient exposure to the residence may be a concern if there is meaningful geographic 
misclassification. Secondly, the fact that participants in the 0-50 m group spent more time 
at work in our sample suggests differential exposure to stressors in the workplace, as well 
as the possibility that this subgroup may differ by health status given their ability to work 
more hours (healthy worker effect). Exposure assessment models should consider 
adjustments for mobility patterns in their study populations and take into consideration 
inside home, on highway and work hour exposures to near-highway pollutants to reduce 
misclassification. Another approach would be to consider restricted analyses that separate 
employed and unemployed study participants. 
People are highly mobile, potentially resulting in misclassification of exposure in studies 
that focus on pollutants with high spatial and temporal variability that do not consider 
non-residential exposures (Beckx et al., 2009a; Blangiardo et al., 2011; Beckx et al., 
2009b; Beckx et al., 2009c; Song et al., 2010). However, daily routines are relatively 
predictable, suggesting that only limited data are needed on a person's activities to 
determine where they routinely spend their time (Song et al., 2010). Our results indicated 
that participants' micro-environment activity patterns did not differ substantially even 
though the second questionnaire was completed in a different season than the first (Table 
2.6). While anomalies in mobility patterns can be expected, the small amount of 
difference over time for time-allocation for individuals suggests modest data on time 
activity reasonably estimates yearly patterns. However, this may not be the case in 
longitudinal studies that follow individuals over a number of years since it has not been 
shown that mobility patterns remain constant year to year. 
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Limitations and Strengths 
A strength of parcel geocoding was that it significantly reduced the amount of positional 
error for single family and small multi-family residences (i.e. duplexes and triple-
deckers), but it was less successful at matching residential addresses than either 
StreetMap or TIGER. A previous study has shown that parcel address consistently had 
lower match rates when compared to geocoding to street-network or address point 
databases (Zandbergen PA. 2008). Most ofthe unmatched participants were from the 
South Boston study area and resided in a large multi-building public housing 
development. The inability to include these participants in the geocoding analysis may 
have biased the amount of positional error that occurs in large parcels with multiple 
buildings. Although our sample included random selection for a majority of the 
addresses, its generalizability is limited because the study areas are not necessarily 
representative of other near highway areas. Another limitation to our study was the 
modest number of participants that completed a full second micro-environment time-
activity questionnaire for both a workday/weekday and non-workday/weekend (N=167). 
This limited our ability to stratify further within the population to examine differences in 
repeatability along demographic variables. 
A limitation of parcel geocoding is that it is typically generated by city or county 
planning or assessing departments and its availability in a GIS format conducive to 
geocoding can vary between cities. However, the localized generation of these data 
sources is also a strength since they are built with local knowledge which may result in a 
more updated address list than national street networks. Accessing these datasets will 
require effort for health researchers, including cross-discipline interactions with city 
planning departments in both academia and government. 
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Exposure misclassification due to geocoding has been limited to two-dimensions, with 
CAFEH study participants restricted to living four floors or fewer above ground level. 
We did not explore misclassification by vertical elevation which may contribute error if 
air pollutant exposure profiles are found to change as elevation increases. Further 
research is needed to develop new methods of location ascertainment that accommodate 
3-dimensional building plans and to assess the accuracy before implementation in 
environmental health studies. 
Physical activity data were collected on study participants (including duration, frequency, 
and intensity) but was not linked to the micro-environment time-activity data. Collection 
of this data would have allowed us to improve exposure rnisclassification further by 
including adjustments for rate of respiration. Future studies should consider 
incorporating physical activity into collection of time-activity data. 
Conclusions 
We demonstrated that epidemiological studies focusing on proximity to major roadways 
could have reduced ability to detect true associations with adverse health effects due to 
inaccurate geocoding and the effects of population mobility. The magnitude of error 
related to geocoding practices was large relative to the steep concentration gradients of 
traffic-related air pollutants, and there was evidence of differential misclassification as a 
function of roadway proximity. In spite of this, to the best of our knowledge there are no 
health studies incorporating ortho-photo corrected geocoding efforts or reporting 
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estimates of positional error when utilizing street-network geocoding. Time-activity 
patterns varied as a function of both roadway proximity and demographics, potentially 
complicating interpretation of multivariate epidemiological analyses. Future studies using 
increasingly sophisticated models of traffic-related air pollutants will require an emphasis 
on improving geocoding accuracy and integration of time-activity data. Geocoding and 
time-activity error are likely important in assessing health effects of exposure to near 
highway pollutants because these pollutants change rapidly in both space and time and 
people are moving in and out of the near highway environment. 
Figure 2.1. CAFEH participants ortho-photo corrected residences by study area and distance to highway buffer groupings 
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Figure 2.2. Example for ascertaining true ground location and determining positional en-or for large multi-building parcels and 
single/multi-family home (i.e. duplexes and triple-deckers). 
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Figure 2.3. Micro-environment time-activity participant completion flow chart by study 
area. 
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Figure 2.4. Hourly micro-environment time-activity data for most recent workday/weekday by employment status. 
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Supplemental Figure 2.1. Hourly micro-environment time-activity data for most recent workday/weekday and non-
workday/weekend. 
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Table 2.1. Distance in meters between each geocoding method and ortho-photo corrected 
residential· position by housing type. The analysis omits those addresses not successfully 
geocoded to both the TIGER and Parcel datasets (n = 647). 
Parcels StreetMap USA TIGER 
All Participants 
N 647 
Mean (SD) 21.48 (78)** 38.72 (90 .07)* 48.94 (203)* 
Median 7.5** 22.62* 21.81 * 
90th Percentile 42.42 68.24 74.6 
95th Percentile 65.09 83.35 95 .73 
Min-Max 0- 1352 0.8- 1289 2.3-4453 
Housing Type 
Large Multi-Unit Parcels and Buildings 
N 196 
Mean (SD) 37.57 (47.9) 40.51 (27.6) 51.05 (93.6) 
Median 24.25* y 27.61 * y 36.56** y 
90th Percentile 112.09 81.63 91.43 
95th Percentile 85.9 90.39 104.07 
Min -Max 0.37- 406.59 4.59- 168.62 5.69- 1280.44 
Other Housing 
N 451 
Mean (SD) 14.49 (86.8)** y 37.94 (106.4)* 48.03 (235.3)* 
Median 3.82** y 19.8* y 18.71* Y 
90th Percentile 21.02 58.54 78.41 
95th Percentile 30.66 74.27 60.14 
Min~Max 0- 1352.34 0.8- 1289 2.3- 4453.29 
* Indtcates a stgmficant (P<0.05) dtfference between one other geocodmg method. 
**Indicates a significant (P<0.05) difference between two other geocoding methods. 
Y Indicates a significant (P<0.05) difference between housing type within the same geocoding 
method. 
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Table 2.2. Distance bin misclassification by geocoding methodology. The analysis omits 
those addresses not successfully geocoded to TIGER, StreetMap USA and Parcel datasets 
(n = 647). 
Distance 
Group # of Residences by Proximity to Measures of 
(m) Highway Agreement 
TIGER Orthophoto Confirmed 
Geocode Corrected Match Sensitivity Specificity 
0-50 30 48 25 52.08% 99.17% 
51-150 208 182 169 92.86% 91.61% 
151-250 130 145 121 83.45% 98.21% 
251-450 72 83 65 78.31% 98.76% 
451-999 30 10 8 80.00% 96.55% 
>=1000 177 179 175 97.77% 99.57% 
StreetMap Orthophoto Confirmed 
USA Corrected Match Sensitivity Specificity 
0-50 26 48 24 50.00% 99.67% 
51-150 208 182 171 93.96% 92.04% 
151-250 112 145 98 67.59% 97.21% 
251-450 97 83 61 73.49% 93.62% 
451-999 27 10 7 70.00% 96.86% 
>=1000 177 179 176 98.32% 99.79% 
Parcel Orthophoto Confirmed 
Geocode Corrected Match Sensitivity Specificity 
0-50 41 48 40 83.33% 99.83% 
50-150 192 182 180 98.90% 97.42% 
150-250 141 145 134 92.41% 98.61% 
250-450 86 83 80 96.39% 98.94% 
450-999 10 10 8 80.00% 99.69% 
>=1000 177 179 176 98.32% 99.79% 
Confirmed match represents the number of residences classified m the distance 
group by each geocoding method and orthophoto corrected location 
assignment. 
Sensitivity is the percentage of confirmed positive residences for each distance 
bin (confirmed match divided by orthophoto corrected). 
Specificity is the percentage of confirmed negative residential locations for 
each distance bin (confirmed negative divided by the orthophoto corrected). 
Table 2.3 . Work-day/Weekday micro-environment time-activity mean hours per day and percent oftotal24-hour day. Data are 
restricted to only those participants with a complete time-activity survey (N=663). 
Inside Home Outsitle Home School/Work Other Highway 
Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean .(SD) %/Day 
All Participants 17.62 (4.4) 74% 1.61 (2.5) 7% 3.20 (4.5) 13% 1.26 (2.3) 5% 0.31 (0.9) 1% 
Gender 
Male 17.22 (4.5) 72% 1.81 (2.8) 7% 3.35 (4.3) 14% 1.18 (2.1) 5% 0.44 (1.2)* 2% 
Female 17.91 (4.3) 75% 1.45 (2.3) 6% 3.11 (4.5) 13% 1.32 (2.4) 5% 0.21 (0.5)* <1% 
Age 
< 60 yrs 15.85 (4.5)* 66% 1.42 (2.8)* 6% 5.09 (5.0)* 21% 1.27 (2.3) 5% 0.37 (0.7)* 2% 
>= 60 yrs 19.48 (3 .5)* 82% 1.81 (2.2)* 8% 1.22 (3.1)* 5% 1.25 (2.2) 5% 0.24 (1.0)* 1% 
Employment Status 
Full time working or 
student and part time 13.75 (3.4)* 57% 1.12 (2.8)* 5% 7.54 (4.15)* 31% 1.05 (2.2)* 5% 0.54 (1 .2)* 2% 
working 
Retired, disabled, 
homemaker or 20.09 (2.9)* 84% 1.92 (2.3)* 8% 0.42 (1.75)* 2% 1.41 (2.3)* 6% 0.16 (0.5)* <1% 
unemployed 
Race/Ethnicity 
White 17.18 (4.4)* 72% 1.25 (2.4)* 5% 3.53 (4.5) 15% 1.71 (2.5)** 7% 0.33 (0.84)* 1% 
Black 16.99 (4.6) 71% 0.86 (1.8)* 3% 3.51 (4.4) 15% 1.92 (2.9)** 8% 0.72 (1.9)*** 3% 
Asian 18.23 (4.2)* 76% 2.31 (2.6)** 10% 2.57 (4.3) 11% 0.73 (1.6)** 3% 0.16 (0.5)* <1% 
Other 18.07 (5 .0) 76% 1.49 (2.6) 6% 3.57 (5.3) 15% 0.56 (1.4)** 2% 0.31 (0.5)* 1% 
Educational 
Attainment 
Less than high school 18.45 (4.6)** 77% 2.19 (3 .0)*** 9% 2.22 ( 4.3)** 9% 0.97 (2.1) 4% 0.17 (0.5) <1% diploma 
High school diploma 17.81 (4.2)* 74% 1.49 (2.4)* 6% 2.86 (4.4)* 12% 1.48 (2.6) 6% 0.36 (1.2) 2% 
Undergraduate 17.06 (4.3)* 71% 1.22 (2.0)* 5% 3.94 (4.7)* 16% 1.39 (2.1) 6% 0.39 (0.9) 2% School Vl 
Vl 
Graduate School 116.04 (3.9)** 67% 1.15 (2.1)* 5% 5.23 (4.6)** 22% 1.23 (2.0) 5% 
Annual Income 
Less than $24,999 19.24 (3 .7)** 80% 1.97 (2.6)** 8% 1.44 (3.4)** 6% 1.18 (2.3) 5% 
$25,000- $74,999 15.82 (3 .8)** 66% 1.3 (2.2)* 5% 4.91 (4.8)*** 20% 1.58 (2.4) 7% 
$75,000 or more 14.72 (4.0)** 61% 0.91 (1.9)* 4% 6.55 (4.6)*** 27% 1.30 (2.3) 6% 
Don't know/ refused 18.26 (5.6)** 76% 1.64 (3.4) 7% 2.86 (5.03)** 12% 0.76 (1.6) 3% 
Study Area 
Somerville 17.14 (4.8)* 71% 0.95 (2.5)* 4% 3.95 (4.8)* 16% 1.56 (2.5)* 7% 
South 17.33 (4.4)* 72% 1.30 (2.3)* 5% 3.53 (4.6)* 15% 1.43 (2.4)* 6% Boston/Dorchester 
Chinatown 18.27 (4.1)** 76% 2.39 (2.6)** 10% 2.33 (4.2)** 10% 0.87 (1.8)** 3% 
*, **, ***,****Indicates a significant mean difference from one or more group(s) within the same micro-environment. 
0.35 (0.7) 
0.17 (0.6)*** 
0.39 (0.7)* 
0.52 (1.1)* 
0.48 (1.7)* 
0.4 (1.0)* 
0.41 (1.1)* 
0.14 (0.4)** 
1% 
<1% 
2% 
2% 
2% 
2% 
2% 
<1% 
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Table 2.4. Mutli-variable regression models for total mean time spent inside home for workday/weekday and non-
workday/weekend of 1st and 2nd survey. Analysis is restricted to those participants that had complete workday/weekday and 
non-workday/weekend questionnaires. 
Time Activitv Survey 1 (N=652} Time Activitv Survey 2 (N=169} 
Workday/Weekday Non-Workday/Weekend Workday/Weekday Non-Workday/Weekend 
R2 = 0.53 R21= 0.11 R2 =0.48 R2 =0.16 
13 95% CI 13 95%CI 13 95% CI 13 95%CI 
Intercept 12.65 (11.13, 14.19) 14.86 (13.18, 16.54) 12.47 (9.18, 15.77) 14.5 (10.32, 18.68) 
Age 0.04 (0.02, 0.06) 0.04 (0.01, 0.06) 0.03 (-0.02, 0.08) 0.08 (0.01, 0.14) 
Male -0.40 (-0.88, 0.08) 0.04 (-0.49, 0.57) -0.35 (-1.46, 0.75) 0.01 (-1.40, 1.41) 
Retired, disabled, or 
unemployed 5.44 (4.84, 6.04) 0.65 (-0.01, 0.06) 4.59 (3.24, 5.93) -0.35 ( -2.06, 1.36) 
Education 
Less than high school 
diploma -1.19 (-2.15, -0.23) 0.18 (-0.88, 1.23) -0.58 (-2.59, 1.42) -0.54 (--3.08, 2.01) 
High school diploma -1.19 (-2.11, -0.27) 0.99 (-0.03 , 2.00) -0.56 (-2.22, 1.11) 0.01 (-2.1, 2.12) 
Undergraduate 
School -0.68 ( -1.56, 0.20) 1.26 (0.30, 2.23) -0 .89 (-2.43, 0.64) -1.23 (-3 .18, 0.72) 
Graduate School Ref Ref Ref Ref Ref Ref Ref Ref 
Income 
Don't know/ refused 0.90 (-0.19, 1.99) 0.53 . (-0.67, 1.73) 0.53 (-1.96, 3.03) 1.6 (-2.48, 3.85) 
Less than $24,999 1.46 (0.58, 2.35) 1.15 (0.18, 2.12) 2.91 (-0.49, 2.64) 1.79 (-0.54, 4.12) 
$25,000- $74,999 0.33 (-0.48, 1.14) 0.43 ( -0.46, 1.32) 1.07 (-0.49, 2.64) -0.24 (-2.22, 1.75) 
$75,000 or more Ref Ref Ref Ref Ref Ref Ref Ref 
Race 
White -0.78 ( -1.63, 0.06) 0.17 (-0.76, 1.10) -0.61 (-2.42, 1.21) -0.66 (-2.97, 1.64) 
Black -1.06 ( -2.14, 0.02) 0.83 (-0.36, 2.01) -0.76 (-2.97, 1.45) -0.14 (-2.95, 2.67) 
Asian -0.85 (-1.70, -0.01) 0.87 ( -0.05, 1.80) . 0.42 (-2.29, 3.13) 3.44 (-0.01 , 6.88) 
Other Ref Ref Ref Ref Ref Ref Ref Ref I 
VI 
-...l 
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Table 2.5: Percent of population and mean time spent in microenvironments on workday/weekday by distance to highway. 
VVorkday/VVeekday 
Inside Home Outside Home School/Work Other Highway 
Distance 
(m) Mean(SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day 
0-50 16.26 (5.0)* 67% 0.89 (1.6) 4% 5.98 (5.6)**** 25% 0.64 (1.2) 3% 0.23 (0.4) < 1% 
51-150 17.56 (4.2) 73% 1.90 (2.6) 8% 3.19(4.5)* 13% 1.13 (2.1) 5% 0.22 (0.5) < 1% 
151-250 18.39 ( 4.3)* 77% 1.57 (2.3) 6% 2.11 (3.9)** 9% 1.65 (2.9) 7% 0.28 (0.6) 1% 
251-450 17.58(4.3) 73% 1.75 (2.8) 7% 2.94 (4.2)* 13% 1.43 (2.3) 6% 0.30 (0.5) 1% 
>=1000 17.48 (4.6) 73% 1.46 (2.7) 6% 3.46 (4.6)** 14% 1.18 (1.9) 5% 0.42 (1.39) 2% 
Non-workday/VV eekend 
Inside Home Outside Home School/Work Other Highway 
Distance 
(m) Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day 
0-50 18.36 ( 4.2)* 77% 2.88 (4.5) 12% 1.06 (2.4) 4% 1.28 (2.1) 5% 0.42 (0.7) 2% 
51-150 19.37 (3.1) 81% 2.35 (2.6) 10% 0.48 (1.8)* 2% 1.61 (2.6) 6% 0.18 (0.4) <1% 
151-250 20.22 (2.9)* 84% 2.05 (2.4) 9% 0.15 (1.0)* <1% 1.41 (2.3) 6% 0.18 (0.4) <1% 
251-450 19.52 (3.7) 81% 1.83 (2.5) 8% 0.35 (1.7) 2% 1.97 (2.6) 8% 0.33 (0.7) 1% I 
>=1000 18.94 ( 4.1 )* 79% 1.93 (2.9) 8% 1.18 (3.7)** 5% 1.67 (2.4) 7% 0.28 (0.6) 1% 
*, * *, * * *, * * * * Indicates a significant mean difference from one or more group( s) within the same micro-environment. 
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Table 2.6. Mean difference in total hours spent within each micro-environment between 
1st and 2nd questionnaire (N=167). 
Micro- Mean 
environment Diff 95%CI 
Inside Home 0.09 (-0.48, 0.66) 
Outside Home -0.33 (-0.82, 0.15) 
Workday I School/Work 0.48 (0.00, 0.96) Weekday (hrs) 
Others -0.24 ( -0.81 ' 0.32) 
Highway 0.005 (-0.26, 0.15) 
Inside Home 0.6 (-0.12, 1.31) 
Outside Home -0.02 (-0.59, 0.55) 
Non-Workday 1. School/Work 0.61 (0.15, 1.07) Weekend (hrs) 
Others -0.98 ( -1.61 ' -0.29) 
Highway -0.21 (-0.39, -0.04) 
Supplemental table 2.1. Descriptive statistics for distance in meters between each 
geocoding method and orthophoto corrected residential location by study areas. The 
analysis includes only those addresses successfully geocoded to all methods (n = 64 7). 
Parcels StreetM~ USA TIGER 
Boston Neighborhoods 
Chinatown 
N 156 
Mean (SD) 32.93 (110)** 43.63 (103.6)* 54.29 (143)* 
Median 16.75 25.26 24.23 
90th Percentile 71.65 78.43 92.65 
95th Percentile 32.93 87.64 102.35 
Min-Max 0-1352 4.59- 1289 3.24- 1288 
Dorchester 
N 201 
Mean (SD) 12.67 (19.6)** 29.29 (23 .6)* 27.42 (24.4)* 
Median 5.21 19.52 22.29 
90th Percentile 32.21 58.32 61 .97 
95th Percentile 45.62 67.81 69.78 
Min-Max 0.09-169 0.87- 158 2.58- 159.4 
South Boston 
N 14 
Mean (SD) 53.37 (25.6)* 39.82 (24.51) 32.91 (21.3)* 
Median 53.21 41.41 23.1 
90th Percentile 86.74 80.72 65.78 
95th Percentile 114.85 86.06 79.41 
Min-Max 18.1- 114.9 9.7- 86.1 11.3 - 79.4 
All Boston Neighborhoods Combined 
N 371 
Mean (SD) 22.78 (73.9)** 35.74 (69.8)* 38.99 (96)* 
Median 9.27 23 .96 23.69 
90th Percentile 50.92 67.81 72.67 
95th Percentile 72.6 80.64 93.27 
Min-Max 0-1352 0.8 - 1289 2.58- 1288 
Greater Boston Area 
Malden 
N 78 
Mean (SD) 13.59 (13.3)** 30.52 (22.5)* 42.37 (67)* 
Median 11.41 22.72 19.42 
90th Percentile 34.6 34.6 76.65 
95th Percentile 46.4 46.4 106.47 
Min-Max 0- 54.4 2.03- 102.2 5.1-421.7 
Somerville 
N 198 
Mean (SD) 22.25 (97.7)* 47.54 (130.9)* 70.30 (339.8) 
Median 6.18 20.12 19.37 
60 
90th Percentile 
95th Percentile 
Min-Max 
28.48 
44.49 
0- 1236.5 
73.06 
94.03 
3.4-998.1 
69.33 
105.61 
2.3- 4453.3 
*, **Indicates a significant mean difference from one or more geocoding method. 
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Supplemental Table 2.2. Non-Workday/Weekend micro-environment time-activity mean and percent of total day (N=663). 
Inside Home Outside Home School/Work Other Highway 
Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day Mean (SD) %/Day 
All Participants 19.42 (3 .5) 81% 2.13 (2.8) 8% 0.61 (2.4) 3% 1.59 (2.4) 7% 0.25 (0.6) 1% 
Gender 
Male 19.41 (3.3) 81% 2.39 (2.9)* 10% 0.40 (1.7)* 2% 1.60 (2.5) 7% 0.20 (0.5) <1 
Female 19.42 (3.7) 81% 1.95 (2.6)* 8% 0.76 (2.8)* 3% 1.59 (2.4) 7% 0.28 (0.6) 1% 
Age 
< 60 yrs 18.77 (3 .9)* 78% 2.32 (3.1) 10% 0.85 (2.77)* 4% 1.78 (2.5) 7% 0.28 (0.6) 1% 
>= 60 yrs 20.09 (3.0)* 84% 1.94 (2.3) 8% 0.36 (1.89)* 1% 1.39 (2.35) 6% 0.22 (0.5) <1% 
Employment 
Status 
Full time working 
or student and part 118.44 (3.62)* 77% 2.30 (3.26) 10% 1.09 (2.85)* 4% 1.86 (2.49) 8% 0.31 (0.59)* 1% 
time working 
Retired, disabled, 
homemaker or 1 2o.o2 (3.3)* 84% 2.02 (2.4) 8% 0.31 (2.02)* 1% 1.44 (2.4) 6% 0.21 (0.53)* <1% 
unemployed 
Race!Ethnicity 
White 18.96 (3.9)* 79% 1.80 (2.8)** 7% 0.87 (3.0)* 4% 2.04 (2.6)** 9% 0.33 (0.6)* 1% 
Black 19.73 (3.1) 82% 1.17 (2.1)** 5% 0.68 (2.0) 3% 2.17 (2.7)* 9% 0.25 (0.5) 1% 
Asian 20.09 (2.7)* 84% 2.55 (2.2)** 11% 0.20 (1.2)* <1% 1.01 (2.1)** 4% 0.14 (0.5)* <1% 
Other 18.91 (4.3) 79% 2.96 (4.1)** 12% 0.80 (2.5) 3% 1.10 (2.2)* 5% 0.23 (0.5) 1% 
Educational 
Attainment 
(Workday) 
Less than high 
119.42 (3.7)* 81% 2.73 (3.3)** 11% 0.28 (1.3)* 1% 1.37 (2.4)* 6% 0.20 (0.6) <1% 
school diploma I 0\ 
N 
High school 
1 19.82 (3.1)* 83% 1.77 (2.2)* 7% 0.54 (2.0)* 2% 1.55 (2.5)* 7% 0.32 (0.6) diploma 
Undergraduate I 19_61 (3_1)* School 82% 1.94 (2.6)* 8% 0.77 (2.4) 3% 1.49 (2.2)* 6% 0.19 (0.4) 
Graduate School 117.83 (4.4)*** 74% 1.78 (2.5) 8% 1.43 (4.7)** 6% 2.61 (2.8)*** 11% 0.34 (0.6) 
Annual Income 
Less than $24,999 120.16 (2.9)** 84% 2.23 (2.5) 9% 0.26 (1.4)* 1% 1.16 (2.2)** 5% 0.19 (0.5)* 
$25,000-$74,999 18.75 (3.0)* 78% 2.00 (2.5) 9% 0.76 (2.2) 3% 2.20 (2.7)** 9% 0.29 (0.5) 
$75,000 or more 18.03 (4.1)* 75% 1.85 (2.6) 8% 1.45 (4.1)* 6% 2.31 (2. 7)* * 10% 0.36 (0.6)* 
Don't know/ 19.35 (5.5) 81% 2.43 (4.7) 10% 0.79 (3.0) 3% 1.16 (2.2)** 5% 0.27 (0.6) 
refused 
Study Area 
Somerville 18.56 (4.6)** 77% 1.72 (3.5)* 7% 1.46 (3.7)** 6% 1.89 (2.5)* 8% 0.37 (0.6)* 
Dorchester & 19.67 (3.3)* 82% 1.82 (2.4)* 8% 0.44 (1.9)* 2% 1.79 (2.5)* 7% 0.28 (0.5)* South Boston 
Chinatown 19.77 (2.8)* 82% 2.74 2.34)** 11% 0.18 (1.2)* <1% 1.18 (2.3)** 5% 0.13 (0.5)** 
*, **, ***,****Indicates a significant mean difference from one or more group(s) within the same micro-environment. 
1% 
<1% 
1% 
<1% 
1% 
1% 
1% 
2% 
1% 
<1% 
0\ 
w 
Supplemental Table 2.3. Single regression models for workday/weekday time spent 
inside home by demographic variables (N=653). 
6 95%CI R2 
Age 0.16 0.13 , 0.18 0.21 
Male -0.69 -1.38, -0.02 0.01 
Retired, disabled, or unemployed 6.34 5.84, 6.83 0.49 
Race 
White -0.89 -2.01 , 0.24 0.01 
Black -1.07 -2.58, 0.43 --
Asian 0.16 -0.99, 1.32 --
Other Ref Ref --
Education 
Less than high school diploma 2.41 1.25, 3.57 0.03 
High school diploma 1.77 0.59, 2.94 --
Undergraduate School 1.01 -0.18, 2.20 --
Graduate School Ref Ref --
Income 
Don't know/ refused 3.54 2.26, 4.82 0.18 
Less than $24,999 4.52 3.62, 5.42 --
$25,000-$74,999 1.10 0.10, 2.10 --
$75,000 or more Ref Ref 
--
Study Area 
Somerville -1.12 -1.98, -0.27 0.01 
Dorchester/South Boston -0.94 -1.72, -0.16 --
Chinatown Ref Ref --
64 
Supplemental Table 2.4. Logistic regression of odds ratio for hourly inside home micro-environment during peak exposure 
window (N=653). 
6-7AM 7-8 AM 8-9AM 9-JOAM 
R2 = 0.09 R2= 0.11 R2 =0.18 R2 =0.20 
OR 95%CI OR 95%CI OR 95%CI OR 95%CI 
Age 1.02 (1.0, 1.04) 1.01 (0.99, 1.03) 1.00 (0.98, 1.01) 0.98 (0.97, 1.00) 
Male 1.11 (0.73, 1.69) 0.97 (0.68, 1.39) 1.27 (0.90, 1.80) 0.89 (0.62, 1.26) 
Full & Part Time 
Work, Student 0.19 (0.11 , 0.33) 0.30 (0.19, 0.46) 0.30 (0.20, 0.45) 0.30 (0.20, 0.46) 
Education 
Less than high school 
diploma 2.64 (1.16, 6.03) 2.99 (1.44, 6.24) 0.73 (0.36, 1.48) 0.67 (0.32, 1.39) 
High school diploma 1.59 (0.72, 3.52) 1.83 (0.91 , 3.68) 0.81 (0.42, 1.59) 0.95 (0.47, 1.93) 
Undergraduate School 1.37 (0.65, 2.87) 1.79 (0.93, 3.43) 0.87 (0.45, 1.65) 0.86 (0.43, 1.72) 
Graduate School Ref Ref Ref Ref Ref Ref Ref Ref 
Income 
Don't know/ refused 0.87 (0.35, 2.18) 0.28 (0.12, 0.65) 0.36 (0.17, 0.80) 0.46 (0.21, 1.01) 
Less than $24,999 0.72 (0.34, 1.52) 0.31 (0.16, 0.59) 0.81 (0.42, 1.59) 0.51 (0.27, 0.97) 
$25,000 - $74,999 1.04 (0.55, 1.95) 0.70 (0.40, 1.23) 0.87 (0.45, 1.65) 1.11 (0.59, 2.08) 
$75,000 or more Ref Ref Ref Ref Ref Ref Ref Ref 
Race 
White 1.11 (0.53, 2.33) 0.55 (0.29, 1.03) 1.08 (0.58, 2.00) 1.29 (0.69, 2.40) 
Black 1.56 (0.65, 3.91) 0.92 (0.42, 2.02) 1.46 (0.66, 3.21) 1.16 (0.52, 2.57) 
Asian 0.79 (0.37, 1.68) 0.78 (0.42, 1.44) 0.95 (0.51 , 1.77) 1.06 (0.57, 1.97) 
Other Ref Ref Ref Ref Ref Ref Ref Ref 
--
0\ 
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Abstract 
Personal exposures to ultrafine particles ( <1 00 nm, UFP) may differ from ambient 
concentrations because of the spatiotemporal variability of both pollutants and people. 
Our goal was to generate evidence as to whether time activity data could improve 
assignment of exposure for the purposes of epidemiologic research. A spatiotemporal 
regression model based on mobile monitoring provided hourly residential ambient 
concentrations for a full year for a subset of participants in the Community Assessment of 
Freeway Exposure and Health (CAFEH) study. We modified the ambient estimates using 
personal time activity data to construct time-activity adjusted (T AA) particle number 
count (PNC, an estimate ofUFP) exposures. We sequentially adjusted for hourly time-
activity patterns, as well asaccounting for residential particle infiltration. Assigned annual 
average TAA-PNC differed from residential ambient annual average PNC (RAA-PNC), 
with differential patterns as a function of distance to highway. In exploratory univariate 
analyses, we found associations ofRAA-PNC with hsCRP and IL-6, although the 
exposure-response functions were at times non-monotonic. TAA-PNC associations were 
generally stronger in univariate tests and had monotonic exposure-response functions, 
albeit with some reductions in statistical significance. Adjustment for additional 
cardiovascular risk factors reduce~ the statistical significance but the associations were · 
stronger for TAA-PNC. Our findings reinforce the importance of incorporating time 
activity information into personal exposure for spatiotemporally varying pollutants. 
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Background 
Residential proximity to highways, major roads and high traffic density has been 
associated with increased risk for adverse health outcomes including lung cancer, asthma, 
and cardiovascular disease (Brugge et al., 2007; Hoffmann et al., 2006; Hoffmann et al., 
2007; Tonne et al., 2007; Gan et al., 2010). Proximity to traffic has also been associated 
with biomarkers of systemic inflammation such as high sensitivity C-reactive protein 
(hsCRP) and Interleukin-6 (IL-6) (Hoffmann et al., 2009; Williams et al., 2009; Rioux et 
al., 201 0; Brugge et al., 2013). Cardiovascular effects in near-roadway populations are 
hypothesized to be at least partly attributable to traffic-related air pollutants (TRAPs), 
including ultrafine particles ( <1 00 nm, UFP), which are elevated next to high traffic 
roadways (Brugge et al., 2007; Kamer et al., 2010). The patterns of association of 
roadway proximity with health outcomes are similar to gradients of UFP, elemental 
carbon, volatile organic compounds, CO, NO and NOx; thus, there is a need for studies 
that directly test association of chronic UFP exposure with cardiovascular disease risk. To 
our knowledge no studies have reported relationships between chronic exposure to UFP 
and measures of health risk or health outcomes. The evidence to date for an association 
between UFP and adverse cardiovascular effects has instead come from animal studies 
(Geiser et al., 2005; Araujo et al, 2008; Araujo and Nel, 2009), acute controlled human 
exposure studies (Nemmar et al., 2002; Samet et al., 2009) and panel (acute) studies 
(Delfino et al., 2008; Hertel et al., 2009; Delfmo et al., 2009; Delfino et al., 2010). These 
studies show biological plausibility that UFPs may be associated with increased 
cardiovascular outcomes or increased inflammatory biomarkers such as hsCRP and IL-6. 
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UFP concentrations have been shown to vary greatly over both space and time (Zhu et 
al., 2006; Karner et al., 2010; Durant et al., 2010; Padro-Martinez et al., 2012; Patton et 
al., 2014), which requires novel approaches to address exposure misclassification 
(Delfino et al., 2005; Sioutas C et al., 2005; HEI, 2013). Accurate geolocation of 
residences and fine-scale temporal estimates of air pollution are essential to properly 
characterize exposure (Luc Int Panis, 2010; Lane et al., 2013; Brugge et al., 2013). Since 
people do not spend all their time at home, let alone immediately outside their residence 
where ambient levels are often assessed, exposure estimates for TRAPs (such as UFP) 
also need account for personal time-activity patterns and infiltration into buildings 
(Beckx et al., 2008; Luc Int Parris, 2010; Dons et al., 2011; Buonanno et al., 2014; Lane 
et al., 2013). 
The Community Assessment of Freeway Exposure and Health study (CAFEH) is a cross-
sectional, community-based participatory research study. As part of CAFEH, we 
characterized UFP concentrations through measurement and modeling of particle number 
concentration (PNC; 4-3000 nm in diameter) and also collected corresponding human 
data, including time-activity data and biomarkers of systemic inflammation from near-
highway and urban background populations. The goal of CAFEH is to test associations of 
time-activity adjusted (T AA) PNC with biomarkers of systemic inflammation (Fuller et 
al., 2013a). Here we compare exposure assignment from residential ambient annual 
average (RAA) PNC to TAA-PNC models. We tested the effect oftime-activity 
adjustment on the association of sequentially refined T AA-PNC models with the blood 
biomarkers hsCRP and IL-6 in a subset of the CAFEH study population. Our goal is to 
develop evidence of the value of time-activity adjustment for improving exposure 
assessment for environmental epidemiology of spatiotemporally-variable pollutants. 
Methods 
CAFEH Study Population 
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Details on the CAFEH study methods and approach are reported elsewhere (Fuller et al., 
2013a). The CAFEH subsample analyzed here (n=204) was restricted to individuals 2:40 
years of age living in neighborhoods near lnterstate-93 (1-93) and in a paired urban 
background area in Somerville, Massachusetts, USA. Our current study includes only 
these participants because of the availability of an hourly PNC model for the Somerville 
study area for the year in which the participants were recruited (Patton et al., 2014). 
The majority of participants in this analysis (n=139) were randomly recruited from 
geographically-weighted areas :S500 m from 1-93 and from an urban background area that 
was 2:1 ,000 m from 1-93 (Figure 3.1). Recruitment was between July 2009 and September 
2010. We also include a convenience sample (n=65) of participants who resided in two 
housing complexes for elderly residents. A subset of participants attended our field clinic 
at least once (n=141), where a viable blood sample was collected for biomarker analysis 
(n=139) and height and weight were recorded (n=133). 
Participants completed an in-home survey that included questions regarding 
demographics, window opening and air conditioning use. An hourly time-activity 
questionnaire assigned each hour in 24-hour periods to time spent inside or outside home, 
at work/school, at other locations (including non-highway travel), and, in 15 minute 
increments, time on any highway. Depending on employment status, participants were 
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asked to characterize time activity for the most recent workday/weekday and non-
workday/weekend day. We pooled workday/weekday and non-workday/weekend time-
activity data except when stratifying by employment status. Previous studies have shown 
time-activity patterns to be stable over time for different populations (Song et al. , 2010; 
Lane et al., 2013). Analysis of the CAFEH time-activity questionnaire data comparing 
those participants who completed a second time-activity questionnaire at a second time 
point found that there was limited variability, reinforcing the representativeness of a 
questionnaire administered a single time (Lane et al., 2013). 
Geocoding of Study Participants 
Residential location was determined using a multi-stage process that included parcel and 
street network geocoding accompanied by manual correction via orthophotos and 
apartment/multi-unit floor plans to reduce positional error (Lane et al., 2013; Brugge et 
al. , 2013). We used ESRl ArcGIS vlO.l (ESRl, Redlands CA) software for all 
geographic information system (GIS) processes. Individual geocoded locations are 
slightly jittered on published maps to protect study participants' identity. Distances to I-
93 and major roads were calculated within ArcGIS using the Near tool. Additionally, 
participants working full- or part-time (n=92) who worked in a single location and 
provided a work address (n=42) had their employment location geocoded and distance 
calculated to the nearest interstate highway. None were within 500 m ofi-93 or any other 
interstate highway. 
Particle Number Concentration Data Collection and Regression Modeling 
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PNC were measured with a condensation particle counter (TSI Model3775) in the Tufts 
Mobile Air Pollution Laboratory (TAPL) (Padr6-Martinez et al., 2012). The TAPL was 
driven over the same route in Somerville 2-6 times per day on 43 days (234 total hours at 
different times of the day, on all days of the week, and in all seasons). Data collection 
was from September 2009 to August 2010. The monitored area corresponded with the 
areas where study participants lived, and monitoring was conducted during the year in 
which participants filled out surveys and visited the field clinic and gave blood samples. 
A regression model to predict hourly ambient PNC across the study area was built and 
validated (Patton et al. , 2014). The model utilized both spatial (side of and distance to 1-
93, distance to nearest major road) and temporal (wind speed, wind direction, 
temperature, day of week, 1-93 traffic volume and speed) variables to predict PNC across 
the study area (R2=0.43; cross-validated R2=0.38-0.47). Residential coordinates were 
used in the model to calculate ambient residential PNC for every hour of the year for each 
study participant. Estimates from the PNC model developed by Patton et al. (2014) for 
Mystic Avenue/RT 38, a state highway that runs parallel with 1-93 along its west side 
(Figure 3.1) were used for assigning PNC on highway time-activity hourly values. 
Micro-environment Time-Activity Adjustment ofPNC 
We averaged the ambient PNC values that were predicted by the model for all hours of 
the year (n=8760 hours) to calculate a RAA-PNC for each residence (n=204). To derive 
TAA-PNC, we used questionnaire data for five micro-environments (inside home, 
outside home, at work, on highway, and other) and we accounted separately for PNC 
infiltration into the home. To test the importance of the steps in the time-activity 
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adjustment, we sequentially added adjustments to exposure for each micro-environment. 
We began with the micro-environments with the greatest percentage of time spent, and 
added micro-environments in descending order. The adjustment for residential AC was 
conducted after inclusion of all micro-environments, to allow us to evaluate the effects of 
time-activity micro-environment separately from adjustment for particle infiltration. We 
assigned exposures to each participant for every hour of the year by estimating PNC 
concentrations in each micro-environment for each hour of the year (Supplemental Figure 
3.1): 
Inside home: We assigned the RAA-PNC value for all hours spent inside 
the home, assuming 100% particle infiltration in the absence of air conditioning 
(AC). This assumption was based upon previously published analyses of homes in 
our study population that found a 0.95 median indoor-outdoor ratio (Fuller et al., 
2013b). Because there is no difference between RAA-PNC and a model adjusting 
only for time inside the home we do not present the latter model separately. 
At work (RAA-Model): We classified job types for participants who were 
employed either full- or part-time as either jobs with TRAP exposure (n=7; e.g., 
bus driver, crossing-guard, parking ticket officer) or without TRAP exposure (n = 
85; e.g., nurse, administrator, school teacher). For those with work-based TRAP 
exposure, we approximated exposures by using the hourly RAA-PNC of all 
participants residing :S50 m ofl-93 for the hours they were at work. We assumed 
that levels would be higher for these participants, however given the variability of 
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traffic exposure along different roads we utilized an average from our highest 
exposed populations. For those with no work-related TRAP exposure, we 
approximated their work exposures with the hourly RAA-PNC of all participants 
residing in the urban background area. It is a reasonable assumption that non-
TRAP work environments would have levels similar to the urban background 
then the near-highway areas. 
On highway: For hours spent on highways, we used estimates from the 
PNC model developed by Patton et al. (2014) for RT 38. We did not have 
information on participant vehicle type or in-vehicle behaviors such as opening 
windows or closing vents; therefore, we assumed 100% particle infiltration into 
vehicles. 
Other: For time spent in all other micro-environments, we approximated 
exposures using the hourly residential average of all participants residing in the 
urban background area. 
Air conditioning adjustment: As an additional adjustment to the inside 
home micro-environment, we accounted for PNC infiltration being reduced by 
AC use. We had information on whether participants owned and used AC 
seasonally in their homes, but we did not have hourly or daily records of use. 
Accordingly, we assumed that AC use occurred when ambient temperatures 
exceeded 21 oc (70°F), with either a 25% or 28% reduction in infiltration during 
those hours. This value was based on sampling at a subset of CAFEH homes in 
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which we found PNC indoor/outdoor (I/0) ratios of75% in homes using window-
based units and 72% in homes using central AC (Fuller et al., 2013b). 
At each step of time-activity adjustment, we retained the ambient residential PNC values 
for hours and micro-environments that were not adjusted for at that stage in the model. 
Statistical Analysis 
Statistical analyses were performed using SAS v9 .12 [Statistical Analysis Software, 
Cary, North Carolina] and R v3.1. (R Core Team. 2014). Bivariate analyses were 
conducted using t-tests to compare means, and analysis ofvariance (ANOVA). Chi-
square analysis was used to compare differences in proportions. All statistical tests 
reporting a p-value were two-sided; a p-value <0.05 was considered statistically 
significant. For our core exploratory models, we used generalized linear models (GLM) 
to test the association of the natural log (LN) ofPNC with LN hsCRP and LN IL-6, 
constructing both unadjusted models and models adjusting for age, gender, BMI and 
smoking status. Identical unadjusted and adjusted models were constructed for each stage 
of the TAA-PNC exposure adjustment process. Log-transformed regression B-estimates 
and 95% Cis are reported as measures of elasticity(% change) when interpreting the 
outcomes from the models. To examine the shape of the association we applied 
generalized additive models (GAMs) with a locally-weighted scatterplot smoothing 
(LOESS) using the GAM r-eran package (Hastie Trevor. 2014). Comparison ofPNC 
percent contributions for each micro-environment and sequential T AA by distance to 
highway groups were conducted on the full sample (n=204) to retain the largest sample 
size and potential for variation in exposures. Analysis for association between PNC and 
biomarkers of systemic inflammation were restricted to only those participants with 
viable blood samples (n=l40). 
Sensitivity Analysis 
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While we had VO PNC data from homes in our study population (Fuller et al., 2013b), 
there are also published infiltration factors that are significantly lower than what we 
observed. For example, studies have reported that ambient UFP penetration into homes 
can range from 7% to 1 00% depending on factors such as window size and openness, fan 
usage, air exchange rate and ambient concentrations. Low penetration values occur in 
studies of unoccupied and tightly sealed buildings (Zhu et al., 2004; McAuley et al., 
2010; Bhangar et al., 2011; Rim et al., 2013; Kearney et al., 2014). Similarly, studies 
have found that infiltration into vehicles can range from 8% to 100%, depending on AC 
usage, recirculation of air' window opening, age of vehicle, make and type of vehicle and 
speed (Zhu et al.., 2007; Knibbs et al. , 2010; Hudda et al., 2011; Hudda et al., 2012). We, 
therefore, ran sensitivity analyses to examine the influence of infiltration factors on our 
findings. We applied 25%, 50% and 75% particle reductions for time-periods spent inside 
home and travel on highways. For these analyses we ran separate regression models for 
associations with hsCRP and IL-6 to compare effects on the ~-estimates and strength of 
association. 
Results 
Characteristics of the study population 
The mean age of study participants was 59.1 years. A majority were female (66%), white 
(70%), had completed high school (74%), and had incomes below $75,000 (67%) (Table 
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3.1 ). Some demographic variables differed by Euclidean distance from 1-93 (:S50 m, 51-
500 m, and~1000 m). Participants residing :S50 m from 1-93 were significantly younger, 
had higher BMI, were more likely to be non-white, male, have low income and 
education, more likely to be never smokers and employed full- or part-time than were 
participants residing in the urban background area. Participants were asked about window 
opening on a per week basis (never, less than 2 times, 2-5 times, 6-7 times) from 
December to February (representing winter) and June to August (representing summer). 
Participant responses were grouped into a dichotomous variable ever and never use 
windows for winter and summer. The majority of participants had either window or 
central air conditioning units, but there was no difference by proximity to 1-93. Window 
opening was 88% in the summer with no significant differences by distance to 1-93. 
Fifty-four percent of participants opened windows weekly during the winter, with a 
significantly lower percentage ( 40%) in the urban background area. 
The sub-population with valid blood samples (n= 140) had mean a BMI of 29 .2, and 
median hsCRP and IL-6 values of 1.62 mg/1 and 1.61 pg/rnl, respectively (Table 3.2). 
Clinic participants residing within 50 m ofl-93 had significantly higher BMI than 
participants residing in the urban background. When restricted to participants with blood 
samples there were some differences compared to the descriptive stats of the full sample, 
but not many and not particularly large (Supplemental Table 3.1 ). 
Time activity 
Participants residing <50 m from 1-93 spent significantly more time at work than did 
those in the 51-500 m and urban background study areas. They also spent significantly 
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less time inside their homes than did those living 51-500 m from I-93. While not 
significant, the urban background participants spent more time traveling on highways 
than did participants residing in the other distance groups. Participants in the 51-500 m 
distance category spent the most time in "other" micro-environments. No significant 
differences were observed in non-workday/weekend time-activity allocation for 
participants in the 0-50 m group compared to the 51-500 m or urban background areas. 
However, participants residing 51-500 m from I-93 spent a significantly greater amount 
of time inside their homes and less time at work than participants in the urban 
background (Table 3.1). 
PNC exposure assignments and adjustment for time activity 
Participants spent the largest amount of time inside their homes (71.4% of daily time on 
average), with a comparable (71.3%) contribution to TAA-PNC exposure (Table 3.3). 
Time in the "other" micro-environment had the lowest average TAA-PNC values, while 
time on highways contributed the highest values. The micro-environment for travel on 
highway contributed only 1. 7% of daily time, but 2. 7% of daily exposure, reflecting the 
higher PNC levels assigned to time on the highway. 
Each PNC adjustment step did not yield a significant difference between our two 
stratified near highway groups (Table 3.4). Modeled RAA-PNC was higher in the near I-
93 areas and lower in the urban background area. A separate series ofPNC adjustment 
models restricted to participants that attended the clinic were developed (Supplemental 
Table 3.2). PNC concentrations marginally shifted but the overall differences by distance 
to I-93 remained the same. 
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Quintiles ofPNC for the entire population were used as cut points to illustrate exposure 
differences across the geographic study areas. The majority of participants in the urban 
background area were in the lowest quintile ofRAA-PNC exposure (PNC :S 18,000 
particles/cm3), while most of the participants in the highest quintile of RAA-:-PNC (PNC 
2:27,000 particles/cm3) resided near major roadways or I-93 (Figure 3.1 [a]). Full time-
activity adjusted T AA-PNC values are shown in Figure 3.1 b. Adjusting for time activity 
had less effect on the assigned values for the urban background participants, while 
adjusting for time-activity resulted in lower mean exposures for participants residing in 
close proximity to I-93 (Figure 3.1 [b] ; Table 3.4). 
Association of PNC with biomarkers 
hsCRP and IL-6 concentrations were higher for participants living near I -93 and the 
major roadway running along part of the near highway study area (Broadway in Figure 
3.2). PNC was significantly associated with hsCRP in univariate regression analyses 
(Table 3.5). Sequential adjustment for time activity generally increased effect estimates, 
while adjustment for air conditioning reduced the beta estimate. IL-6 was also 
significantly associated with RAA-PNC in univariate analyses. These associations lost 
significance, however, with stepwise adjustment for time activity, but regained 
significance with an increased beta estimate when including air conditioning (Table 3.5). 
After controlling for key covariates (age, gender, BMI, smoking status), multivariate 
regression models also showed positive associations, but none were statistically 
significant. Beta values tended to become larger as more T AA factors were included in 
the multivariate models and then declined with the addition of the AC adjustment. 
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GAM plots are shown in Figure 3.3. Using only residential exposure assignment, the 
association with hsCRP appeared non-monotonic, although confidence intervals 
substantially widen at higher and lower concentrations. The shape of the curve is possibly 
affected by discontinuities (lack of intermediate exposures) in the PNC measures. 
Adjusting for time-activity patterns led to a greater continuum of exposures resulting in a 
monotonic and essentially linear association. The re-distribution of the participants 
exposures can be observed in the hash marks along the X-axis which represent each 
individual participant's contribution to the exposure-response curve. GAMs for LN IL-6 
did not differ substantially between RAA-PNC and TAA-PNC (Figure 3.4). 
Assuming lower infiltration into vehicles had modest effects on the associations with 
biomarkers, while reducing infiltration into homes greatly reduced effect estimates and 
widened confidence intervals (Supplemental Table 3.3). Comparing the hsCRP models 
we found that decreasing the home I/0 ratio ::;50% produced null results; while the same 
I/0 reduction led to negative but statistically insignificant associations with IL-6. 
Decreasing the I/0 ratio for inside home exposure periods reduced exposure amongst the 
entire study population, while decreasing I/0 for on-highway travel (i.e. , by reducing in-
vehicle concentrations) only led to a marginal reductions for a subset of the population 
(not shown). 
Discussion 
Our analysis shows that T AA changed PNC exposures assignment from RAA, while 
sequentially adjusting for T AA factors increased estimates of effect for association with 
biomarkers of systemic inflammation. Our goal was to generate evidence as to whether 
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time activity data could improve assignment of exposure for the purposes of 
epidemiologic research. We demonstrated associations, some statistically significant, of 
assigned chronic PNC exposure with hsCRP and IL-6. In the adjusted models, while 
associations were not statistically significant, TAA increased the size of the effect 
estimate while widening confidence intervals (Table 3.5). Sequentially adjusting PNC for 
time-activity and air conditioning factors improved exposure assessment for UFP. 
Adjustment of PNC for time activity had a differential effect on exposure by reducing 
PNC annual averages for participants residing in close proximity to I-93 (Table 3.4). A 
downward shift in PNC for participants residing closest to I-93 was anticipated based 
upon our prior analysis of their hourly time-activity patterns. In that analysis, participants 
living :S50 m from I-93 spent significantly. less time at their residence and significantly 
greater amounts of time at their work than participants in other distance groups (Lane et 
al., 2013). 
The uneven spatial distribution of the time-activity micro-environment adjustments 
results in a differential PNC exposure assignment relative to the residential ambient 
annual average. One air pollutant study found large exposure differences between 
personal ambient PM2.5 and central monitors while another found differences in modeled 
N02 before and after adjusting for time spent at work (Setton et al., 2008; 
Kioumourtzoglou et al., 2014). Our results support the importance of adjusting for time-
activity patterns when assigning exposure. 
The divergent effect that residing in the urban background versus closer to I-93 has on 
the dose-response cu.rve between PNC and hsCRP can best be observed in the 
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comparison ofthe adjusted GAMs (Figure 3.3). The downward shift in the TAA-PNC for 
participants with lower hsCRP changed the shape of the curve, suggesting that exposure 
misclassification in the RAA-PNC model may have been hiding the association between 
PNC and hsCRP (Figure 3.3). The gap in participants with exposures from 18,000-
20,000 particles/cm3 in the RAA-PNC model was a byproduct of our geographically-
weighted recruitment effort. This gap was filled by employed participants who resided 
close to 1-93 who were assigned lower PNC exposures while they were away from home 
at work. These results suggest that TAA-PNC reduces exposure misclassification that 
may bias effect estimates and impede the ability to accurately detect associations between 
exposure and health markers. 
While we did not find a significant difference in the overall mean PNC between the 
RAA-PNC and final TAA-PNC model, there were significant shifts within 1-93 distance 
categories. There was, for example, a 3,700 particles/cm3 difference in the 0-50 m 1-93 
distance group between the RAA-PNC and TAA-PNC models, while there was no 
sizable shift in TAA-PNC for urban background participants (Table 3.4). This differential 
effect in PNC assignment by TAA is due to: 1) near 1-93 participants spending 
significantly more time away from their homes in lower exposure areas than participants 
in the urban background participants; 2) urban background participants' low RAA-PNC 
values combined with spending more time at their place of residence; 3) urban 
background participants were assigned urban background levels for most of the time that 
they were away from home, for example at work without TRAP exposure. 
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Health studies often rely upon residential proximity to roadways or use models that 
assign ambient exposure to UFP and other TRAPs with high spatial and temporal 
variability. Doing this might mischaracterize effect sizes due to differential exposure 
misclassification related to time-activity. Thus, epidemiologists conducting TRAP studies 
might benefit from considering exposure assessment models that adjust for mobility 
patterns in their study populations. They might also benefit from taking into 
consideration exposure inside homes, travel on highways and hours working near 
highways in order to reduce misclassification. A small number of studies have integrated 
time-activity data into their analysis (Beckx et al., 2009; Blangiardo et al., 2011, Dons et 
al., 2014). Studies with personal time-activity information and the ability to characterize 
micro-environment concentrations could develop personal T AA models along the lines of 
what we have done here. Larger cohorts might need to utilize personal demographic and 
transport modeling software to predict population mobility trends (Beckx et al., 2009; 
Panis, 2010; Dons et al., 2014). 
Strengths & Limitations 
A questionnaire was used to adjust ambient residential PNC based on personal time-
activity. The repeatability of our time activity data has been reported previously (Lane et 
al. , 2013). Our time-activity questionnaire was limited to five broad micro-environments 
and may contain error in responses as well as assumptions about exposures in these 
micro-environments. For example, we had very little information on where participants 
were when they reported being in the "other" micro-environment category. We also did 
not include a particle infiltration factor for in-vehicle exposures. However, our sensitivity 
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analysis indicated that adjustment for vehicle I/0 ratio had a modest effect on the 
association between TAA-PNC and our biomarkers of systemic inflammation. Future 
studies may want to build upon this by adding to the time-activity questionnaire by 
inquiring about location based physical activity relative to proximity of exposure sources. 
Due to a small sample size, a limited set of known cardiovascular risk factors were able 
to be included in the model and used in the health analysis. This limited our ability to test 
for multiple categorical variables simultaneously. Therefore, additional models were 
tested for the effects of SES, while dropping smoking status to address adequate degrees 
of freedom. Income and education were significant predictors of our inflammatory 
markers, but did not affect the relationship with PNC (data not shown). 
To our knowledge, this is the first time a spatial-temporal hourly PNC regression model 
has been used for exposure assessment in an epidemiological study. The cross-validated 
R2 values obtained for the CAFEH Somerville model (0.38- 0.47) were similar to those 
for other models with spatial and temporal constraints (0.23- 0.51) (Zwack et al., 2011; 
Riveria et al, 2012; Li et al., 2013; Patton et al., 2014; Fuller et al., 2012). The CAFEH 
PNC regression model was developed via a dense mobile monitoring effort that 
encompassed all the participants residing in the study area, and should therefore be 
representative ofthe range of ambient PNC concentrations measured within the study 
area. Future work will be needed to develop models that reduce exposure 
misclassification further by explaining more of the variability in PNC, perhaps through 
use of mechanistic models or machine learning algorithms (Holmes & Morowska, 2006; 
Singh et al., 2013). 
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We had previously conducted I/0 monitoring of a subset of study homes (Fuller et al., 
2013b). Thus the ratio we used reflects conditions in a range of residential building types. 
However, we did not have data from winter months when window opening is 
significantly lower, although evidence indicates substantial window opening in the winter 
in our study population, perhaps related in part to apartment overheating or inadequate 
spot ventilation (Table 3.1). Our sensitivity analysis (Supplemental Table 3.3) indicated 
the importance of accurate estimation of residential infiltration. Decreasing the I/0 ratio 
resulted in a corresponding reduction in the strength of association for hsCRP, likely due 
to the corresponding reduction in the range of exposure estimates (Supplemental Table 
3.3). Had we used lower I/0 ratios from the literature, many of which were based on 
unoccupied buildings with closed windows, with mechanical ventilation, or under 
scripted tasks (Cyrys et al, 2004; Zhu et al, 2004; McAuley et al, 2010), we would have 
significantly reduced associations. The wide range of I/0 PNC ratios observed in the 
literature indicates the need to gather empirical data to establish localized particle 
infiltration adjustment factors that can be applied to improve ambient PNC exposure 
assignment. 
Field data also supported our estimate of an AC reduction of25% (Fuller et al., 2012b). 
A limitation of our assumptions for AC stems from our decision to use a single 
temperature cutoff of 21.1 °C, above which we assumed AC was in use for the residence 
which had it. Actual AC use is dependent upon more than simply ambient temperature. 
Factors could include cost or personal comfort with higher temperatures or dislike of AC. 
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Therefore our adjustment may over or underestimate the amount a person utilizes their air 
conditioning system. 
Conclusions 
We identified significant differences between RAA-PNC and TAA-PNC exposure 
assignment, and that TAA-PNC models increased the estimate of effect for the 
association with hsCRP and IL-6. Our analysis suggests that improvements on RAA-PNC 
models through T AA may produce more accurate beta estimates. Our approach is 
feasible and can be applied in future health studies that have hourly exposure models for 
TRAP such as UFP. There appears to be value to considering personal time-activity in 
epidemiological analysis of pollutants with high spatial and temporal variability. 
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Figure 3 .2. Spatial distribution of hsCRP and IL-6 across the study area. 
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Figure 3.3: GAM model comparison of the effect ofPNC exposure models on hsCRP. 
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Figure 3.4: GAM model comparison ofthe effect ofPNC exposure models on IL-6. 
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Supplemental Figure 3.1: Sequential adjustment for micro-environment time-activity patterns. 
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(1) All PNC values are taken directly from regression model. (2) Work 1: If job category has TRAP exposure, then hourly value is 
substituted with PNC average of participants residing within 0-50 m ofl-93 for corresponding hour(s). Work 2: If job category does not 
have TRAP exposure, then RAA hourly value is substituted with PNC urban background average for corresponding hour(s). All other 
PNC values are taken directly from regression model. (3) Other: RAA hourly value is substituted with the PNC urban background average 
for the corresponding hour(s). (4) PNC values from the regression model predicted for travel on the highway are substituted for 
corresponding hour(s). (5) Inside Home A/C: If the ambient hourly temperature> 21.1 °C and the patticipant has an AC unit, then a 25% 
reduction is applied to the RAA hourly value. \0 
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Table 3.1: Demographic and T AA variables stratified by residential distance to I -93. 
Characteristic Total -:::.so m 51-500m >lOOOm (N=2042 (N=322 (!V=1292 (N=43) 
Demographic Variables 
Age, mean (SD) 59.1 (12.4) 52.7 (10)** 60.5 (11.7)* 59.6 (14.8)* 
Female 66% 56%* 66% 72%* 
White 70% 58%* 66%* 93%** 
Smoking Status 
Current 22% 19%* 27%* 7%** 
Former 35% 16%** 36%** 47%** 
Never 37% 50%** 31%* 44%* 
Missing 6% 16% 6% 2% 
Educational Attainment 
Less than high school diploma 26% 38%* 26% 16%* 
High school diploma 31% 31%* 38% 12%* 
Undergraduate School 28% 28% 25% 35% 
Graduate School 15% 3%* 11% 37%* 
Annual Income 
Less than $24,999 19% 12% 12% 14% 
$25,000 - $74,999 14% 19%* 44%** 25%* 
$75,000 or more 35% 28% 33% 42% 
Don't know/ refused 32% 41%** 11%* 19%* 
Employment 
Working full time or part time 45% 66%** 36%** 58%** 
Retired, Disabled or 52% 28%** 62%** 40%** Unemployed 
Missing 3% 6% 2% 2% 
Time Activity Adjustment Variables 
Workday/Weekday (mean hours (SD)) 
Inside Home 17.14(4.8) 15.07 (5.4)* 17.94 ( 4.2)* 16.34 (5.4) 
Outside Home 0.95 (2.53) 0.48 (1.16) 0.99 (2.14) 1.13 (3.78) I \0 
Vl 
Work 3.95 (4.8) 7.66 (5.67)** 2.68 (4.07)** 4.96 (4.68)** 
Other 1.56 (2.53) 0.52 (0 .96)* 2.02 (2.97)* 1.02 (1.47) 
Highway 0.40 (0.97) 0.27 (0.48) 0.37 (0.71) 0.55 (1.58) 
Non-Workday/Weekend (mean hours (SD)) 
Inside Home 18.56 (4.6) 17.24 (4.6) 19.45 (3.5)* 17.09 (6.2)* 
Outside Home 1.72 (3.5) 2.88 (5.33) 1.48 (2.72) 1.63 (4.01) 
Work 1.46 (3.71) 1.86 (2.91) 0.63 (1.98)* 3.33 (6.12)* 
Other 1.89 (2.49) 1.42 (2.24) 2.13 (2.62) 1.58 (2.25) 
Highway 0.37 (0.62) 0.6 (0.79) 0.32 (0.56) 0.37 (1.76) 
Air Conditioner (AC) 
Yes 85% 81% 88% 81% 
Open Windows in Winter 
Yes 54% 53%* 59%* 40%** 
Missing <1% 0% <1% 0% 
Open Windows in Summer 
Yes 88% 88% 87% 93% 
Missing 2% 3% 1% 2% 
*Indicates significant mean or proportional difference between one of the distance groups. 
**Indicates significant mean or proportional difference between two of the distance groups. 
\0 
0\ 
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Table 3.2: Health measures stratified by distance to I-93. 
Health Measure Total '5:50m 51-500m >lOOOm (N=140) (N=20) (N=95) (N=25) 
BMI, mean (SD) 29.2 (6.9) 32.9 (8.4)* 29.3 (6.6) 26.0 (5.5)* 
hsCRP mg/1, median 1.62 (2.8) 1.92(4.4) 1.92 (2.9) 0.94 (1.0) (IQR) 
IL-6 pg/ml, median (IQR) 1.61 (2.3) 1.63 (2.9) 1.78 (2.1) 0.97 (0.8) 
*Indtcates stgntficant dtfference between one of the dtstance groups. 
98 
Table 3.3: Micro-environment percent contribution to PNC annual average. 
Micro-environment Mean %Time Residential Annual %Exposure (a) Time (hrs) (hrs/24hrs) Average PNC (#/cm3) 
Inside Home 17 71% 2.45x104 71% 
Outside Home 1 4% 2.34x104 3.80% 
Work 4 17% 2.59x104 17.50% 
Other 1.5 6% 1.77x104 4.70% 
Highway 0.5 2% 3.99x104 2.70% 
(a) Time spent in micro-environment per day multiplied by annual average PNC of micro-environment 
then divided by the sum of annual average of all micro-environment exposures. 
Table 3.4. Residential and time-activity adjusted annual average PNC by distance to I-93. 
PNCModels Total -:::.som 51-500 
Mean (SD) (N=204) (N=32) (N=129) 
RAA 2.45x104 (3.7x103) 2.73x 104 (1.0 x103)* 2.60x104 (1.2 x103)* 
RAA+Work 2.46x104 (3.1x103) 2.69xl04 (1.2 x103)* 2.59x104 (1.3 x103)* 
RAA + Work+Other 2.47x104 (3.1x103) 2.69x104 (1.2 x103)* 2.59x104 (1.3 x103)* 
RAA + Work+Other+Highway 2.48xl 04 (3 .lx l 03) 2.70x104 (1.3 x103)* 2.59x104 (1.4 x103)* 
RAA+Work+Other+Highway+AC 2.26xl04 (3.1x103) 2.46x l04 (2.0 x103)* 2.3 8xl 04 (1.8xl 03)* 
*Indicates significant mean or proportional difference between one of the distance groups. 
**Indicates significant mean or proportional difference between two of the distance groups. 
>JOOOm 
(N=43) 
1.77x104 (0.7xl03)* 
1.93xl 04 (1.5xl 03)* 
1.94x104 (1.6x103)* 
1.96x104 (1.9x103)* 
1.76x104 (1.3x103)* 
-~~~- ~ 
\0 
\0 
Table 3.5: LN TAA-PNC models for association with LN hsCRP and LN Il-6. Each PNC model in the table builds iteratively 
upon the previous row until all micro-environments and the adjustment for residential AC have been included. 
Univariate Multi-variate( a) 
LNhsCRP LNIL-6 LNhsCRP LNIL-6 
PNC Models p 95%CI p 95%CI p 95% CI p 95%CI 
RAA 1.92 (0.62, 3.22) 1.24 (0.35, 2.13) 1.14 (-0.06, 2.35) 0.53 (-0.28, 1.34) 
RAA+Work 2.00 (0.27, 3.74) 0.73 ( -0.49, 1.96) 1.37 ( -0.24, 2.99) 0.6 ( -0.48, 1.68) 
RAA + Work+Other 2.28 (0.56, 3.99) 1.14 (-0.05, 2.35) 1.36 (-0.19, 2.92) 0.54 (-0.50, 1.58) 
RAA + Work+Other+Highway 2.06 (0.33, 3.80) 1.07 (-0.14, 2.27) 1.67 (-0.03, 3.37) 0.76 (-0.36, 1.88) 
1.90 (0.47, 3.34~ 1.37 (0.38, 2.36) 1.26 (-0.02, 2.75) 0.65 (-0.26, 1.55) 
(a)Models adjusted for age, gender, BMI and smoking status. 
...... 
0 
0 
§ 
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Supplemental Table 3.1: Clinic attending study participants demographic and time-activity adjusted variables stratified by 
residential distance to I-93. 
Characteristic Total $.50m 51-500 m >JOOOm (N=1402 (N=202 (N=952 (N=25) 
Demographic Variables 
Age, mean (SD) 59 (12) 54 (10)* 61 (12)* 54 (13)* 
Female 69% 75% 67% 73% 
White 71% 60%* 66%* 92%* 
Smoking Status 
Current 21% 15%* 27%* 8%** 
Former 39% 20%** 42%* 46%* 
Never 35% 50%* 27%* 46%* 
Missing 5% 15% 4% 0% 
1 Educational Attainment 
Less than high school diploma 23% 35%* 25%* 8%** 
High school diploma 33% 45%* 38%* 4%** 
Undergraduate School 25% 20%* 23%* 35%** 
Graduate School 19% 0% 14% 54% 
Annual Income 
Less than $24,999 38% 30%* 47%* 8%** 
$25,000 - $74,999 32% 50%* 32%* 19%** 
$75,000 or more 19% 5%* 12%* 58%** 
Don't know/ refused 11% 15% 9% 15% 
Employment 
Working full time or part time 45% 70%* 34%* 65% 
Retired, disabled or unemployed 53% 25%* 64%* 31% 
Missing 2% 5% 2% 4% I -0 
...... 
Time Activity Adjustment Variables 
Workday/Weekday (mean hours (SD)) 
Inside Home 17.16 (4.4) 13.57 (4.8) 18.21 (3.88) 
Outside Home 0.88 (2.01) 0.47 (1.07) 1.08 (2.34) 
Work 3.96 (4.9) 9.18 (5.53) 2.22 (3.79) 
Other 1.65 (2.53) 0.47 (0.87) 2.15 (2.21) 
Highway 0.35 (0.67) 0.31 (0.53) 0.34 (0.72) 
Non-Workday/Weekend (mean hours SD)) 
Inside Home 18.36 (4.8) 17.35 (5.18) 19.32 (3.79) 
Outside Home 1.55 (3.3) 2.76 (5.73) 1.39 (2.87) 
Work 1.78 (4.2) 2.32 (3.04) 0.72 (2.2) 
Other 1.94 (2.62) 0.83 (2.21) 2.25 (2.76) 
Highway 0.37 (0.62) 0.74 (0.9) 0.32 (0.59) 
Air Conditioner (AC) 
Yes 82% 85% 82% 
Open Windows in Winter 
Yes 55% 60% 57% 
Missing <1% 0% <1% 
Open Windows in Summer 
Yes 89% 90% 87% 
Missing 3% 5% 2% 
*Indicates significant mean or proportional difference between one of the distance groups. 
**Indicates significant mean or proportional difference between two of the distance groups. 
16.17 (4.4) 
0.47 (1.08) 
6.13 (4.67) 
0.85 (1.33) 
0.38 (0.63) 
15.90 (6.34) 
1.27 (2.12) 
4.88 (7.37) 
1.67 (2.2) 
0.28 (0.39) 
77% 
42% 
0% 
92% 
4% 
......... 
0 
N 
Supplemental Table 3.2: Residential and time-activity adjusted annual average PNC by distance to I-93 restricted to clinic 
attending participants. 
PNCModels Total -:;.50m 
Mean (SD) (N=l40) (N=20) 
RAA 2.45xl 04 (3 .5xl 03) 2.73x104 (1.0 x103)* 
RAA+Work 2.48xl 04 (2.8xl 03) 2.70x104 (1.1 x103)* 
RAA + Work+Other 2.48x104 (2.8x103) 2.69xl 04 (1.0 x103)* 
RAA + Work+Other+Highway 2.49x1 04 (2.8x1 03) 2.70x104 (1.1 x103)* 
RAA+Work+Other+Highway+AC 2.26x104 (3.1x103) 2.41x104 (2.1 x103)* 
*Indicates significant mean difference between one of the distance groups. 
**Indicates significant mean difference between two of the distance groups. 
51-500 >JOOOm I 
(N=95) (N=25) 
2.58x1 04 (1.2 x1 03)* 1.77xl04 (0.7xl03)** 
2.57xl 04 (1.3 xl 03)* 1.96x104 (1.6x103)** 
2.57x104 (1.3 x103)* 1.97x104 (1.6xl03)** 
2.58x104 (1.3 x103)* 1.99x104 (1.7x103)** 
2.36x104 (1.7xl03)* 1.74xl04 (1.1xl03)** 
....... 
0 
w 
Supplemental Table 3.3. Comparison ofTAA-PNC models with alternative I/0 ratios for time spent inside home and in-
vehicle on highway. The TAA-PNC model adjusts for all micro-environments but not residential AC usage. 
LNhsCRP LNIL-6 
Micro-environment ~ 95% CI ~ 95%CI 
TAA-PNC 1.67 (-0.03, 3.37) 0.76 ( -0.36, 1.88) 
Inside Home 110 
75% 1.12 (-0.43, 2.67) 0.23 ( -0.80, 1.25) 
50% 0.3 (-0.73, 1.23) -0.38 (-1.04, 0.30) 
25% 0.04 (-0.53, 0.61) -0.32 ( -0.69, 0.05) 
Highway Inside Vehicle 1/0 
75% 1.81 (0.16, 3.47) 0.94 ( -0.15, 2.04) 
50% 1.92 (0.27, 3.56) 0.96 (-0.13, 2.06) 
25% 2.04 (0.38, 3.63) 0.98 ( -0.11 ' 2.06) 
...... 
0 
+:>. 
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Abstract 
Background: Long-term exposure to fine particulate matter has been linked to 
cardiovascular disease and systemic inflammatory responses. However, evidence is more 
limited regarding the effects of smaller particles such as ultrafine particulate matter ( <1 00 
nm, UFP), which may be more toxic and can penetrate deeper into the lungs and 
translocate to the circulatory system resulting in inflammatory responses. We aim to 
analyze the association of long-term exposure to UFP with measures of systemic 
inflammation and coagulation. 
Methods: We collected blood samples from individuals aged 40-91 years living in three 
near-highway and three urban background areas in Boston, Massachusetts and nearby 
towns. Exposure to UFP was estimated using extensive mobile monitoring of particle 
number concentration (PNC) in study areas. Monitoring data were used to develop and 
validate an hourly PNC regression model used to assign individual time-activity adjusted 
annual average (T AA) PNC estimates to study participants. Univariate and multi variable 
regression modeling were used to assess the association between TAA-PNC and the 
biomarkers high-sensitivity C-reactive protein (CRP), interleukin (IL)-6 and tumor-
necrosis factor alpha receptor II (TNFRII) and fibrinogen on participants with viable 
blood samples and complete data (n=414). 
Results: TAA-PNC was positively associated with hsCRP, IL-6 and TNFRII only after 
adjusting for traditional risk factors. Adjustment for race/ethnicity significantly 
influenced the shape of the exposure-response curve, linearizing the association and 
helping to elucidate effects at higher levels ofTAA-PNC. Fibrinogen was negatively 
associated with TAA-PNC in univariate models, while adjustment reduced effect 
estimates and strength of association 
Conclusions: Our findings suggest an association between TAA-PNC and subclinical 
inflammatory markers of CVD. 
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BACKGROUND 
Studies of proximity to traffic have shown associations with excess cardiovascular 
disease (CVD) risk and increases in biomarkers of systemic inflammation such as high 
sensitivity C-reactive protein (hsCRP) and interleukin-6 (IL-6) (Hoffmann et al., 2009; 
Williams et al., 2009; Rioux et al., 2010; Brugge et al., 2013). Proximity may be a 
surrogate for exposure to traffic-related air pollutants (TRAPs) that are elevated near 
heavy traffic, such as black carbon, nitrogen oxide and nitrogen dioxide, but the 
cardiovascular effects of chronic exposure to individual TRAPs have been studied less 
and produced varying results (Gan et al. , 2011; Gan et al., 2014). Ultrafine particles 
( <1 00 nm, UFP) concentrations have been shown to also be elevated next to major 
roadways and highways (Zhu et al., 2006; Karner et al., 2010; Durant et al., 2010; Padro-
Martinez et al., 2012; Patton et al., 2014a). Therefore, people residing in close proximity 
to highways and freeways may be exposed to high concentrations of UFP. 
There is evidence of biological plausibility that UFP could cause systemic inflammation 
and increase risk of cardiovascular disease. Animal studies show that particles in the 
ultrafine range can promote inflammatory responses in the lungs and translocate to the 
circulation (Araujo et al., 2009). These reactions lead to increases in atherosclerotic 
lesions and upregulating genes for anti-oxidant response to oxidative stress, while 
reducing anti-inflammatory high density lipoprotein (Geiser et al., 2005; Araujo et al, 
2008; Araujo and Nel, 2009). Controlled human exposure studies ofUFPs showed 
association with inflammatory and coagulation responses in the lungs as well as 
systemically (Nemmar et al., 2002; Samet et al., 2009; Devlin et al., 2014). Panel (acute) 
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studies have shown significant increases in IL-6, tumor-necrosis factor alpha receptor II 
(TNFRII) and markers of coagulation such as D-dimer and von Willebrand Factor (vWF) 
with UFP exposure (Delfino et al., 2008; Hertel et al., 2009; Delfino et al., 2009) 
however another study reported null results (Ruckerl et al., 2014). 
The substantial spatial and temporal variability of UFP concentrations means that there is 
a need for models that assign highly personalized UFP exposure for chronic 
epidemiology studies (Delfino et al., 2005; Sioutas C et al., 2005; HEI, 2013). 
Knowledge of time of day and the microenvironment in which the person is located are 
also essential to accurately determine exposure to TRAPs with high spatial variability 
such as UFPs (Luc Int Parris, 2010; Lane et al., 2013; Brugge et al., 2013). People do not 
spend all of their time outdoors at their residence, so assigning ambient annual average at 
the residence likely introduces exposure misclassification (Beckx et al., 2008; Luc Int 
Panis, 2010; Dons et al., 2011; Buonanno et al., 2013; Lane et al., 2013). 
The Community Assessment of Freeway Exposure and Health (CAFEH) study was 
designed to address these issues, using a spatiotemporally dense mobile monitoring 
campaign to develop a model allowing for estimation of hourly ambient UFP (measured 
as particle number concentration; PNC) values over one year for every location within 
each study area (Fuller et al., 2014). Adjusted ambient PNC values for participant time-
activity in order to calculate personal annual UFP exposure estimates (Lane et al., under 
review). To our knowledge, no studies have reported association oflong-term exposure 
to PNC with subclinical markers of CVD risk. We report here the association of chronic 
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exposure to time activity adjusted (TAA) PNC with the inflammatory biomarkers hsCRP, 
IL-6, and TNFRII as well as the biomarker of coagulation, fibrinogen. 
Methods 
CAFEH Study Population 
CAFEH is a cross-sectional community-based participatory research (CBPR) study of 
TRAPs and cardiovascular health in individuals 40+ years of age living in close 
proximity and an urban background area from Interstate 93 and/or Interstate 90 in 
Boston, Massachusetts and surrounding areas. The study population was established via 
a geographically-weighted randomly-selected recruitment effort in the cities of Boston, 
Malden and Somerville (Figure 4.1 ). The analysis reported here is of those participants 
with a viable peripheral blood sample (n=448). The random sample (n=354) was 
supplemented by a convenience sample (n=94) within the Somerville and Dorchester 
study areas where participants were recruited from senior housing locations. 
Participant recruitment took place over three distinct study periods of one year each that 
corresponded spatially and temporally to the times and locations of air pollution 
monitoring. Each study year consisted of both near-highway (NH;:::; 500 m from 
highway) and urban background (UB; 2: 1000 m from highway) locations. From July 
2009 to May 2010 recruitment and monitoring occurred in Somerville (NH = 114; UB = 
26). From September 2010 to April2011 recruitment occurred in the Boston 
neighborhoods of Dorchester and South Boston (NH = 100; UB = 27). From June 2011 to 
February 2012 recruitment occurred in Boston Chinatown (NH = 139) and an urban 
background neighborhood within the City of Malden (UB = 40). Recruitment of 
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participants from high-rise buildings (only in the Chinatown area) was restricted to those 
residences within the first four floors to reduce possible effects of vertical exposure 
profiles of pollution. Monitoring data adjacent to Chinatown showed little change in PNC 
vertical profiles up to 35m (Wu et al., 2014). 
Participants completed an in-home survey that included demographic information (age, 
gender, income, race/ethnicity, and employment status), recent illnesses, major 
cardiovascular diseases, hypertension, use of statins, insulin, oral hypoglycemics and 
smoking status (details are in Fuller et al., 2013). Time-activity questions assigned hourly 
locations for a recent weekday/workday and weekend/non-workday. Time was assigned 
to microenvironments for inside or outside at the residence, at work/school, at other 
locations (including non-highway travel), and, in 15 minute increments, time on 
highways. We measured height and weight for calculation of body mass index (BMI; in 
kg/m2). 
Residential geocoding was performed using a multi-stage process that included address 
verification by field staff during in-home visits. This was followed by parcel and street 
network geocoding accompanied by manual correction via orthophotos and 
apartment/multi-unit floor plans to reduce positional error. We used ESRI ArcGIS v10.1 
(ESRI, Redlands CA) software for all geographic information system (GIS) processes. 
The multi-stage geocoding is described in detail elsewhere (Lane et al., 2013; Brugge et 
al., 2013). 
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PNC Monitoring, Modeling and Exposure Assessment 
The Tufts Air Pollution Laboratory (T APL ), a converted recreational vehicle equipped 
with real-time, fast responding air pollution instruments was used to measure pollutants. 
Details on data collection and processing and quality assurance have been published 
elsewhere (Padr6-Martinez et al. , 2012). UFP were measured by a condensation particle 
counter (TSI Model3775) as particle number concentration (PNC, 4-3000 nm). The 
T APL was repeatedly driven over fixed routes in each study area during a representative 
set of hours of the day, days of the week and seasons (Patton et al., 2014a; Patton et al. , 
under review). 
Multivariable regression modeling was used to build hourly predictive models that 
estimate PNC. The PNC regression models utilized both spatial (side of and distance to 
highway, distance to nearest major road) and temporal (wind speed, wind direction, 
temperature, day of week, highway traffic volume and speed) variables to predict values 
across the study areas. Details on PNC model development and validation have been 
previously described (Patton et al., 2014a; Patton et al., 2014b). The models were used to 
produce ambient residential PNC values for each hour of the year at the residence of each 
participant. 
Estimates of personal annual PNC exposure were derived for each study participant by 
adjusting ambient PNC values derived from the models for participant hourly time-
activity (time activity adjusted PNC, TAA-PNC). To derive TAA-PNC, we used 
questionnaire data for the five micro-environments. We assigned exposures to each 
participant for every hour of the year by estimating PNC concentrations in those micro-
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environments. We also adjusted for infiltration ofPNC into the residence. Details on the 
TAA-PNC adjustment method, particle infiltration into residences in our study 
population and the effect these adjustments had on exposure assignment have been 
described previously (Fuller et al., 2013; Lane et al., under review). 
Statistical Analysis 
Statistical analyses were performed using SAS (Statistical Analysis Software, Cary, 
North Carolina) version 9.12. Generalized additive models (GAMs) were performed 
using R-Cran version 3.1. We evaluated associations of three biomarkers of systemic 
inflammation (hsCRP, IL-6 and TNFRII) and one marker of coagulation (fibrinogen) 
with TAA-PNC. Three of the health markers hsCRP, IL-6 and TNFRII and the exposure 
variable (TAA-PNC) were not normally distributed. Lognormal (LN) -transformed 
regression B-estimates and 95% Cis are reported as measures of elasticity (% change). 
Generalized linear models (GLMs), which were used to test the association ofLN TAA-
PNC with LN hsCRP, LN IL-6 and LN TNFRII (hereafter referred to as TAA-PNC, 
hsCRP, IL-6 and TNFRII). Fibrinogen was normally distributed and examined for 
association withTAA-PNC. 
We started with univariate analysis for association between TAA-PNC and each health 
marker. Regression analyses were then adjusted for age (years), gender (female, male), 
BMI (kg/m2), smoking status (current, former, never), educational attainment (less than 
high school/high school diploma/undergraduate degree/graduate degree), race/ethnicity 
(white non-Hispanic, Asian (Chinese and Vietnamese), other race) and nativity (born in 
the United States (US): yes, no). These variables are all known to be cardiovascular 
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disease risk factors and/or predictors of some of our biomarkers of interest (Mcdade et 
al., 2011). All regression analyses were restricted to participants containing complete data 
on all covariates (n=414). For race/ethnicity, although we had an ethnically diverse 
population, we could only evaluate a limited number of categories given our sample size. 
Moreover, we had a large Asian population given our recruitment in Chinatown. 
Therefore, we grouped race/ethnicity into white non-Hispanic, Asian (Chinese and 
Vietnamese), and other (African American, Haitian-Creole, white- Hispanic, Latino, 
Indian, Pakistani and Native American). Race/ethnicity and nativity were highly 
correlated with one another, since 100% of the Asian participants were foreign born, so 
we developed separate regression models to examine effects of race/ethnicity or nativity 
on the relationship between TAA-PNC and the health measures after adjusting for the 
other cardiovascular risk factors. 
Additional Analysis 
To examine the shape of the associations, we applied GAMs with a locally weighted 
scatterplot smoothing (LOESS) ofTAA-PNC. Separate GAMs were run with adjustment 
for CVD risk factors and race/ethnicity. Sensitivity analyses were preformed to examine 
potential effects of additional variables and constraints on the relationship between T AA-
PNC and the health measures. Using models that adjusted for age; gender, BMI, smoking 
status and education were also: (1) controlled for statin medication use; (2) controlled for 
diabetes medication (insulin or oral hypoglycemic) use; (3) adjusted for personal income 
in place of educational attainment; ( 4) used BMI as a quadratic term; ( 5) restricted the 
population to only the random sample; (6) due to the heterogeneity of the variable for 
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"other" race we also ran a separate analysis that restricted the study population to include 
only Asian and white non-Hispanic participants. 
Results 
Descriptive Statistics 
Table 4.1 shows the characteristics of participants in this analysis. The majority ofthe 
study population was female, above the age of 50 years, overweight or obese, and born 
outside the US. White non-Hispanic and Asian participants constituted 43% and 38% of 
the population, respectively. Asians were heavily concentrated in the Chinatown and 
Malden study areas (not shown). 
Differences in median biomarker levels by population characteristics can be seen in Table 
4.2. Being older, a current or former smoker, born in the US, or using statin or diabetes 
medications was associated with higher levels of all four biomarkers. BMI (in kg/m2) , 
when divided into underweight (:':S 18.5), normal (18.5- 24.9), overweight (25-29.9) and 
obese (2: 30), appeared to have a non-monotonic relationship with the biomarkers, with 
lower levels for normal weight populations than for underweight or overweight/obese 
populations. This corresponded closely with racial/ethnic patterns, as Asian participants 
comprised the underweight participants while white non-Hispanic and other participants 
comprised the obese population. White non-Hispanics and the other race/ethnicity 
category had elevated median biomarker levels compared to Asians. Gender was not 
associated with substantial differences for any biomarker. 
There were differences in geometric mean TAA-PNC exposure by study area (Table 4.3 
& Figure 4.1 ). Chinatown participants had the highest geometric mean (28,000 
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particles/cm3) and maximum (38,000 particles/cm3) exposures, while Malden had the 
lowest geometric mean (1 0,000 particles/cm3) and minimum (8,000 particles/cm3) 
exposures. Somerville participants had clearer exposure gradients based upon proximity 
to Interstate-93 (near highway= 24,000 particles/cm3; urban background= 18,000 
particles/cm3). The Dorchester/South Boston near highway exposure were the lowest out 
of the three near highway groups (17,000 particles/cm3) and was not substantially 
different from the Dorchester urban background exposure geometric mean (14,000 
particles/cm3) . Consistent with these patterns, race and nativity had large differences in 
TAA-PNC exposure with participants identifying as Asian or born outside the US having 
higher geometric mean exposures compared to White non-Hispanics and those born in 
the US. 
Regression Analysis between TAA-PNC and Biomarkers 
In univariate analysis there was no association between TAA-PNC and the inflammatory 
markers (Table 4.4). Bivariate analysis showed that BMI, race/ethnicity, nativity and 
smoking status changed the effect estimate between TAA-PNC and all the health 
measures by greater than 10%. Gender also affected the relationship between TAA-PNC 
and IL-6, but not for the other health measures. Multivariable adjustment for age, gender, 
BMI, smoking status and education, led to positive associations ofTAA-PNC with 
hsCRP, IL-6 and TNFRII. Adjustment for BMI had the largest effect on the association 
between TAA-PNC and all three health markers followed by smoking status, with both 
increasing the effect ofTAA-PNC by greater than 10%. Age, gender and education had 
marginal effects on the associations, but were retained in adjusted models since they are 
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known CVD risk factors. Additional adjustment by race/ethnicity and nativity separately 
increased the TAA-PNC ~-estimates and strength of association for hsCRP, IL-6 and 
TNFRII, but had the largest effect on hsCRP. There was only a marginal difference 
between the race/ethnicity and nativity regression models for IL-6 and TNFRII. T AA-
PNC was negatively associated with our coagulation biomarker, fibrinogen, during 
univariate analysis (Table 4.4). Adjustment for age, gender, BMI, smoking status and 
education reduced the ~-estimate and strength of association, but the association 
remained negative. Additional adjustment by race/nativity did not have an effect on the 
TAA-PNC association with fibrinogen. 
Additional Analyses 
GAM models were built to examine the shape of the exposure-response curve. In 
unadjusted models, the curves for hsCRP and IL-6 were U-shaped, but adjusting for 
cardiovascular risk factors tended to linearize the exposure-response curve by increasing 
effects at higher TAA- TAA-PNC levels (Figure 4.2). This effect was most pronounced 
with adjustment by race. TNFRII had an S-shape curve in unadjusted models that became 
flatter at low concentrations and became linear at middle to higher concentrations after 
adjustment for covariates. However, confidence intervals were wide at high and low 
TAA-PNC concentrations where we had fewer participants. Fibrinogen had a negative 
linear shape in the unadjusted GAM model (Figure 4.3). The shape of the exposure-
response curve became flatter and U -shaped at lower concentrations after adjustment for 
key covariates and race, respectively. 
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Sensitivity analyses that controlled for statin and diabetes medication (insulin/oral 
hypoglycemic) use, and included a quadratic term for continuous BMI, revealed no 
meaningful differences on the relationship between TAA-PNC and biomarkers (data not 
shown). We found that TAA-PNC was positively associated with the inflammatory 
markers in the overweight and normal BMI groups, but not in the obese or underweight 
groups (data not shown). Restricting the analysis only to Asian and White non-Hispanic 
participants (Supplemental Table 4.1) increased the hsCRP estimate and improved the 
strength of association. The estimate for fibrinogen was reduced by half and became 
null. There was only a marginal effect on IL-6 and TNFRII. Restricting analysis to only 
randomly selected participants marginally affected estimates, but widened confidence 
intervals (data not shown). We also substituted personal income for educational 
attainment as the controlling variable for SES. The results showed only a marginal effect 
on the association ofTAA-PNC with the health markers (data not shown) . 
. Discussion 
To our knowledge, this is the frrst study to test the association between chronic exposure 
to UFP, as TAA-PNC, and biomarkers of systemic inflammation and coagulation. We 
found positive associations ofTAA-PNC with the three inflammatory biomarkers 
(hsCRP, IL-6 and TNFRII) only after adjusting for other CVD risk factors. We also 
found a negative association between TAA-PNC and fibrinogen that was reduced after 
adjustment for CVD risk factors. 
Long-term residential exposure to high levels of traffic have shown an increase in 
cardiovascular mortality and disease incidences such as coronary atherosclerosis (Brugge 
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et al., 2007; Beelen et al., 2008; Hoffman eta., 2009; Gan et al., 2011). UFPs are a TRAP 
that unlike PM2.s decay rapidly at increasing distance from roadways similar to nitrogen 
oxide and nitrogen oxides (Kamer et al., 2010). UFPs are hypothesized to potentially be 
more cytotoxic than larger particles and have greater potential to activate an 
immunological response (Geiser. 2002; Geiser et al., 2005). UFPs also have the ability to 
penetrate further into the lung, deposit in greater quantities within the alveoli than PM2.5, 
and translocate to the circulation with the potential to cause systemic effects on the 
cardiovascular system (Oberdoster G. 2000; Brooks et al., 2004; Knol et al., 2009). 
Evidence of association between cardiovascular diseases from chronic exposure to 
TRAPs with similar dispersion patterns as UFP such as black carbon, nitrogen oxide and 
nitrogen dioxide in near highway sttidies have produced varying results (Gan et al., 2011; 
Gan et al., 2014). 
There is uncertainty about the UFP exposure-disease mechanism of action leading to 
onset and progression of atherosclerosis. However, two plausible hypotheses are: 1) 
chronic induction of pulmonary inflammation with a secondary systemic inflammation 
response; and 2) a primary systemic inflammatory response through particle translocation 
into the circulatory system. Both of these would lead to cytokine responses and 
production of proteins such as CRP, IL-6 and TNFRII (Donaldson et al., 2001; van Eden 
et al. 2001; Araujo et al., 2008; Simkhovich BZ et al., 2008; Ruckerl et al., 2011).0ur 
observed positive association between TAA-PNC and systemic inflammatory markers is 
consistent with these biologically plausible mechanisms. 
126 
Fibrinogen is an acute-phase protein important to the coagulation cascade, but studies for 
association with air pollution have been inconclusive and have not examined the 
relationship to PNC. Results from acute air pollution exposure and panel studies have 
found positive associations (Schwartz J. 2001; Ghio et al., 2003; Ruckerl et al., 2007), 
null associations (Pope et al. 2004; Ruckerl et al. 2006; Ye et al., 2007; Samet et al., 
2009) and even a negative association (Seaton et al. 1999). Under a context of shifting 
hemostasis during long-term TRAP or PNC exposure, increases in other coagulation 
markers, D-dimer and/or von Willebrand factor (vWF), have been observed in acute 
studies (Reideker et al., 2004; Yue et al., 2007) with some also simultaneously observing 
null associations with fibrinogen (Araujo et al., 2008; Samet et al., 2009). The negative 
association we observed between TAA-PNC and fibrinogen could be due to PNC having 
a different mechanism of action on coagulation compared to inflammation. To better 
understand the mechanistic effects of PNC on coagulation, future studies should include 
analysis of additional biomarkers at various stages of the coagulation pathway such as 
plasmin, vWF and D-dimer 
One of the interesting features of our study is the racially diverse population, with a 
significant number of Asian participants who were not born in the United States and who 
also tended to be the most highly exposed population. Reflecting these patterns, 
smoothed models for hsCRP, IL-6 and TNFRII displayed increased associations for 
higher levels ofTAA-PNC when adjusting for race. Studies have frequently found 
significant differences in biomarkers of systemic inflammation by race/ethnicity (Khera 
et al. , 2005; Khera et al. , 2006; Thorand et al. , 2006; Corlin et al., 2014). Previous 
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studies of hsCRP in large cohorts that included Asian participants found that Asian men 
and women had significantly lower CRP levels than white participants (Albert et al., 
2004; Matthews et al. , 2005; Lakoski et al., 2006; Kelley-Hedgepeth et al. , 
2008). Previous analysis of the CAFEH study population found Asian participants to 
have significantly lower IL-6 and 1NFRII in addition to lower hsCRP as compared to 
white participants (Corlin et al., 2014). Studies ofCRP from Asia also found lower CRP 
values (Xingwang Ye, 2007). These differences in systemic inflammatory markers by 
race/ethnicity could lead to different response functions with ambient air pollutants. 
Studies of racially heterogeneous populations should take this into consideration. 
Univariate analysis produced null associations between TAA-PNC and inflammatory 
measures, indicating that adjustment by other CVD risk factors mitigated the effects of 
negative confounding. This effect was predominantly due to BMI having an inverse 
relationship with PNC and a positive association with inflammation. The BMI-PNC 
relationship was unexpected in our study, and was a by-product on having such a larger 
Asian study population that had low BMI, hsCRP, il-6 and TNFRII, with most residing in 
the highest PNC areas. The inverse relationship between BMI and PNC could therefore 
be due to the make-up of our study population in relation to high exposure areas and may 
not be universal in other studies. 
To place our results in context, we can estimate the influence of both PNC and BMI on 
hsCRP. In our linear multivariable models adjusted for age, gender, BMI, smoking status 
and education we found that every 10% change in PNC exposures was associated with a 
2.2% change in hsCRP. Moving from the urban background to the near-highway 
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neighborhood in Somerville would result in a geometric mean increase from 18,000 to 
24,000 particles/cm3, which would be associated with an increase in hsCRP levels from 
0.97 mg/1 to 1.04 mg/1. In contrast, we found an association ofBMI with hsCRP in our 
adjusted model of~= 0.09 [95%CI: 0.07, 0.11]). This would mean that an increase from a 
normal weight BMI of22 to an overweight BMI of27 would equate to an increase in 
hsCRP levels from 0.67 mg/1 to 1.12 mg/1. The effect of a person increasing their BMI 
from normal to overweight would have greater than three times the effect on elevating 
hsCRP when compared to residing in a near-highway versus urban background area. Of 
note, our BMI estimates for effect are slightly higher than those observed in another 
multi-ethnic study which observed a significant 0.04 increase in LN hsCRP for a 1 unit 
change in BMI after demographic adjustment (Festa et al., 2001). 
It is estimated that approximately 11% of the US population resides near 4-lane highways 
(Brugge et al., 2007), equating to approximately 35,000,000 people (US Census. 2014) 
with exposures to elevated levels ofPNC. Research on particle dispersion near the edge 
of roads has found up to 2-4 fold increases in particle concentration compared to urban 
background (Kamer et al., 2010). However, annual average dispersion patterns and 
concentration gradients can be less steep because of local source characteristics and 
variable meteorological conditions (Padro-Martinez et al., 2012; Patton et al., 2014a; 
Patton et al., Under review). 
Strengths and Limitations 
The PNC regression model used here was developed from a dense mobile monitoring 
campaign that encompassed the residences of participants. This allowed us to model and 
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estimate local hourly ambient PNC values that were subsequently adjusted for time-
activity to produce personal TAA-PNC estimates. We published evidence that TAA 
reduced exposure misclassification (Lane et al., under review). Nevertheless, residual 
error remains due to the challenges in capturing all spatiotemporal contributors in a PNC 
regression model. Time-activity adjustment was based on data that we showed to be 
highly reproducible (Lane et al., 2013), but likely also contains some misclassification. 
CAFEH is a cross-sectional study, therefore we cannot determine the temporal aspect of 
the exposure-response relationship or make causal inferences. In addition, our modest 
sample size had considerable heterogeneity, especially for race, which created challenges 
in determining the main effects of PNC or. There may also be issues with generalizability 
of our results, given the unique nature of our study population and the fact that we 
included a small number of study areas in one urban area in the Northeastern US. 
However, restricting the population to only random participants did not substantially 
change our findings, enhancing the argument for representativeness to urban Boston, but 
our results may not generalize to other settings with different home types and population 
attributes. 
PNC was the only pollutant considered in our analysis, but PNC has high correlations 
with other TRAPs as well as traffic-related noise 'which might confound or interact with 
each other (Kamer et al., Meier et al., 2014). Gaseous pollutants like NOx lack 
biological plausibility, while PM2.5 has been shown to have low variability throughout 
our study area (Patton et al., under review). the near-highway environment single 
pollutant studies of PM2.5 have shown to be stable, while CVD and inflammatory 
markers have increased (Hoffman et al., 2007, Hoffman et al., 2009).Future studies 
should consider developing multi-pollutant models to tease out which pollutants are 
drivers or may be modifying the exposure-response relationship. 
Conclusions 
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We identified positive associations between TAA-PNC elevated in near highway 
locations and hsCRP, IL-6 and TNFRII, but not fibrinogen, after adjusting for other CVD 
risk factors. BMI and smoking status had the largest effect on the association between 
TAA-PNC and these biomarkers of inflammation. Additional adjustment by race further 
improved the linearity of the exposure-response curve during smoothed modeling. Our 
findings reinforce the importance of studying near-highway PNC exposures and suggest a 
potential causal mechanism for cardiovascular effects. New longitudinal CVD cohort 
studies will need to be developed or existing cohorts will need to integrate UFP analysis 
to build more direct evidence that the associations are casual. 
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Figure 4.1: Time-activity adjusted annual average particle number concentration (T AA-
PNC) by study areas. 
• • 
' . 
# T.,,\ .PSC (rt 'cm " J) 
• • -: } .000 
• 
• 
• 
-· 
• 19.00 • .::o.ooo 
.:: 0 .000 • .:: .H OO 
• .::4 .000 • .::- .000 
• .:::-.ooo-
' 
' 
' 
•• ••• • 
••••• 
• • I .. • 
• 0 . 
• • 0 
• 0 
0 ' 
·-I 
I 
I 
--- --
/ 
! • 
132 
Figure 4.2. Comparison of generalized additive models with a locally weighted 
scatterplot smooth ofthe natural log-transformed PNC term for association ofthe 
biomarkers of systemic inflammation (high sensitivity C-reactive protein, (hsCRP); 
interleukin-6 (IL-6) and tumor necrosis factor alpha receptor II (TNFRII)) adjusted (1) 
for age, gender, body mass index (BMI), smoking status and education and adjusted (2) 
for age, gender, BMI, smoking status, education and race. 
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Figure 4.3: Comparison of generalized additive models with a locally weighted 
scatterplot smooth ofthe natural log-transformed PNC term for association ofthe 
biomarker fibrinogen adjusted (1) for age, gender, body mass index (BMI), smoking 
status and education and adjusted (2) for age, gender, BMI, smoking status, education 
and race/ethnicity. 
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Table 4.1: Population characteristics with viable blood samples (n=448). 
n %or Mean± SD 
Age (years, Mean± SD) 448 61 ± 12 
BMI (kg/m3, Mean± SD) 427 27.5 ± 6.8 
City/Neighborhood 
Near Highway ($ 500m) 
Somerville 115 26% 
Dorchester 100 22% 
Chinatown 140 31% 
Urban Background (~1000m) 
Somerville 26 6% 
Dorchester 27 6% 
Malden 40 9% 
Gender 
Female 269 60% 
Male 179 40% 
Smoking 
Current 89 20% 
Former 130 29% 
Never 215 48% 
Race 
White non-Hispanic 192 43% 
Asian 169 38% 
Other 87 19% 
Born USA 
Yes 196 44% 
No 246 55% 
Statin Medication 
Yes 71 16% 
No 371 84% 
Diabetes Medication 
Yes 40 9% 
No 408 91% 
Table 4.2: Distribution of biomarkers of systemic inflammation (high sensitivity C-reactive protein, (hsCRP); interleukin-6 
(IL-6) and tumor necrosis factor alpha receptor II (TNFRII)) and coagulation (fibrinogen) by population characteristics. 
hsCRP (mg/1) IL-6 (pg/ml) TNF Rlla (pglml) Fibrinogen (mg/dl) 
Median± SD Median± SD Median± SD Median± SD 
Total 1.27 ± 7.18 1.32 ± 3.24 2256 ± 1319 449 ± 117 
City/Neighborhood 
Near Highway(< SOOm) 
Somerville 1.92 ± 10.6 1.77 ± 5.00 2730 ± 1412 473 ± 119 
Dorchester/South Boston 1.38 ± 6.81 1.68 ± 3.08 2094 ± 1441 456 ± 121 
Chinatown 0.72 ± 3.23 1.07 ± 1.87 1947± 1149 425 ± 106 
Urban Background (~lOOOm) 
Somerville 0.94 ± 2.07 0.97 ± 1.01 2299 ± 810 410 ± 92 
Dorchester/South Boston 2.15 ± 9.12 1.47 ± 2.23 2363 ± 1709 522 ± 145 
Malden 0.82 ± 4.88 1.14± 1.41 2315 ± 822 492 ± 112 
Gender 
Female 1.27 ± 8.57 1.24 ± 3.6 2243 ± 1230 459 ± 122 
Male 1.27 ± 4.22 1.39 ± 2.62 2356 ± 1447 437 ± 108 
Age (Quartiles) 
40-50 yrs 1.04 ± 6.1 1.03 ± 1.68 1984 ± 668 412 ± 91 
51-60 yrs 1.32 ± 5.39 1.23 ± 2.85 2035 ± 1283 429 ± 118 
61-71 yrs 1.28 ± 7.22 1.34 ± 2.69 2509 ± 1564 473 ± 120 
72-91 yrs 1.44 ± 9.55 1.68 ± 4.94 2770 ± 1373 485 ± 121 
Smoking 
Current 1.61 ± 8.98 1.48 ± 2.78 2388 ± 1302 468 ± 133 
Former 1.55 ± 7.71 1.49 ± 2.12 2451 ± 1138 456 ± 124 
Never 1.01 ± 5.84 1.20 ± 3.95 2126 ± 1445 440 ± 102 
Body Mass Index I ...... Underweight (<18.5) 1.23 ± 15.04 1.54 ± 8.02 2123 ± 1011 492 ± 102 w Vl 
Normal weight (18.5-24.9) 0.67 ± 3.43 
Overweight (25-29.9) 1.41 ± 6.33 
Obese (30+) 2.79 ± 7.83 
Race 
White non-Hispanic 1.51 ± 8.7 
Asian 0.76 ± 2.63 
Other 1.96 ± 8.69 
Born USA 
Yes 1.77 ± 9.32 
No 0.88 ± 4.43 
Statin Medications 
Yes 2.25 ± 9.6 
No 1.14 ± 6.55 
Diabetes Medications 
Yes 2.21 ± 6.42 
No 1.27 ± 7.64 
0.96 ± 2.20 2004 ± 1130 
1.45 ± 2.54 2462 ± 1517 
1.97 ± 2.29 2590 ± 1329 
1.66 ± 4.14 2520 ± 1364 
1.07 ± 2.24 2024± 1385 
1.59 ± 2.28 2262 ± 919 
1.71 ± 3.93 2458 ± 1292 
1.15±2.51 1557 ± 1327 
1.89 ± 3.1 2700 ± 1888 
1.24 ± 3.25 2196 ± 1144 
1.76 ± 2.37 2557 ± 1856 
1.35 ± 3.45 2299 ± 1209 
421 ± 98 
442 ±Ill 
515 ± 134 
459 ± 119 
431 ± 451 
473 ± 128 
469 ± 490 
439 ± 105 
526 ± 124 
437±111 
509 ± 135 
449 ± 115 
>-' 
w 
0\ 
Table 4.3: Distribution of time-activity adjusted annual average particle number concentration (TAA-PNC) by distance to 
highway groups and demographic variables. 
TAA PNC (Particles/cm3) 
Geometric Mean IQR Min-Max 
Total 2.2 X 104 1.0 X 104 0.8 X 104 - 3.8 X 104 
City/Neighborhood 
Near Highway (S 500 m) 
Somerville 2.4 X 104 0.3 X 104 2.0 X 104 -3.1 X 104 
Dorchester/South Boston 1.7 X 104 0.3 X 104 1.5 X 104 -2.2 X 104 
Chinatown 2.8 X 104 0.4 X 104 1. 7 X 1 04 - 3 . 8 X 1 04 
Urban Background (;?::1000 m) 
Somerville 1.8x104 0.2 X 104 1.6 X 104 - 2.0 X 104 
Dorchester/South Boston 1.1 X 104 0.2 X 104 1.1 X 104 - 1.9 X 104 
Malden 1.0 X 104 0.3 X 104 0.8 X 104 - 1.7 X 104 
Gender 
Female 2.2x 104 1.0 X 104 0.8 X 104 - 3.8 X 104 
Male 2.2x 104 1.0 X 104 0.8 X 104 - 3.4 X 104 
Age (Quartiles) 
40-50 years 2.2 X 104 0.9 X 104 0.9 X 104 - 3.5 X 104 
51-60 years 2.2 X 104 0.8 X 104 0.9 X 104 - 3.3 X 104 
61-71 years 2.1 X 104 1.0 X 104 0.8 X 104 - 3.3 X 104 
72-91 years 2.2 X 104 1.2 X 104 0.8 X 104 - 3.8 X 104 
Smoking 
Current 2.2x 104 1.1 X 104 0.8 X 104 - 3.8 X 104 
Former 2.1 X 104 0.8 X 104 0.8 X 104 - 3.3 X 104 
Never 2.0 X 104 0.9 X 104 0.8 X 104 - 3.1 X 104 
Body Mass Index (kg/m3) I Underweight (<18.5) 2.0 X 104 1.2 X 104 0.9 X 104 - 3.1 X 104 -w ......:) 
Normal weight (18.5-24.9) 2.3 X 104 
Overweight (25-29.9) 2.2 X 104 
Obese (30+) 2.0 X 104 
Education 
Less than high school 
diploma 2.4 X 104 
High school diploma 2.2 X 104 
Undergraduate School 2.0 X 104 
Graduate School 1.8 X 104 
Race 
White Non-Hispanic 1.9 X 104 
Asian 2.8 X 104 
Other 2.2x 104 
Born USA 
Yes 1.9 X 104 
No 2.6 X 104 
Significant figures for PNC are to the 0.1 x 104. 
1.1 X 104 
1.0 X 104 
0.8 X 104 
0.8 X 104 
1.0 X 104 
0.9x 104 
0.5 X 104 
0.7 X 104 
1.1 X 104 
0.9 X 104 
0.7 X 104 
1.0 X 104 
0.8 X 104 - 3.8 X 104 
. 0. 8 X 1 04 - 3 .3 X 1 04 
0.8 X 104 - 3.1 X 104 
0.8 X 104 - 3.8 X 104 
0.8 X 104 - 3.3 X 104 
0.8 X 104 - 3.5 X 104 
0.8 X 104 - 2.7 X 104 
0.8 X 104 - 3.0 X 104 
0.8 X 104 - 3.8 X 104 
0.9 X 104 - 3.2 X 104 
0.8 X 104 - 3.2 X 104 
0.8 X 104 - 3.8 X 104 
...... 
w 
00 
Table 4.4: Comparison of regression models for association between particle number concentration and biomarkers of systemic 
inflammation (hsCRP, IL-6 and TNFRII) and coagulation (fibrinogen). (1) Adjusted for age, gender, BMI, smoking status and 
education. (2) Adjusted for age, gender, BMI, smoking status, education and race. (3) Adjusted for age, gender, BMI, smoking 
status, education and nativity. 
Unadjusted 
Adjusted (1) 
Adjusted (2) 
Adjusted {3) 
LN hsCRP 
p {95%CI) 
-0.09 (-0.46, 0.27) 
0.22 (-0.12, 0.55) 
0.25 (-0.09, 0.58) 
0.29 (-0.04, 0.62) 
LN IL-6 
p {95%CI) 
-0.04 (-0.27, 0.19) 
0.15 (-0.07, 0.36) 
0.17 (-0.04, 0.38) 
0.18 (-0.03, 0.40) 
LN TNFRII 
p {95%CI) 
0.001 (-0.11, 0.11) 
0.08 (-0.02, 0.18) 
0.09 (-0.005, 0.19) 
0.09 (-0.001, 0.20) 
Fibrinogen 
p {95%CI) 
-40.23 (-73.4, -7.1) 
-25.8 (-56.9, 5.26) 
-25.62 (-56.6, 5.4) 
-25.25 (-56.5, 6.0) 
........ 
w 
\.0 
Supplemental Table 4.1: Sensitivity analysis restricting to only Asian and white non-Hispanic study participants for association 
between PNC and biomarkers of systemic inflammation (high sensitivity C-reactive protein, (hsCRP); interleukin-6 (IL-6) and 
tumor necrosis factor alpha receptor II (TNFRII)) and coagulation (fibrinogen). (1) Adjusted for age, gender, body mass index 
(BMI), smoking status and income. (2) Adjusted for age, gender, BMI, smoking status, income and race. (3) Adjusted for age, 
gender, BMI, smoking status, income and nativity. 
LNhsCRP LN IL-6 LNTNFRII Fibrinogen 
p (95%CI) p (95%CI) p (95%CI) p (95%CI) 
Unadjusted 0.04 ( -0.34, 0.42) 0.02 (-0.23 , 0.25) -0.001 (-0.12, 0.12) -24.15 ( -58.52, 10.23) 
Adjusted (1) 0.27 ( -0.1 0, 0.64) 0.15 ( -0.08, 0.38) 0.09 ( -0.02, 0.20) -13.04 (-46.34, 20.25) 
Adjusted (2) 0.30, -0.06, 0.66) 0.17 (-0.05, 0.39) 0.10 (-0.006, 0.21) -13.06 (-46.46, 20.33) 
Adjusted (3) 0.34 (-0.02, 0.70) 0.18 (-0.05, 0.41) 0.10 (-0.006, 0.21) -12.07 (-45.44, 21.3) 
........ 
,J:::.. 
0 
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CHAPTER 5: Conclusions 
There are approximately 45 million people in the United States "living, working, or 
attending school within 300 feet of a major road, airport or railroad," and approximately 
11% of US households reside within 1OOm of highways making exposure to TRAPs a 
major public health concern (EPA, 2014; Brugge et al., 2007). Vehicle emissions are the 
primary source by which people are exposed to ultrafine particulate matter (particulate 
matter with an aerodynamic diameter 1-100 nm; UFP), but there are substantial 
limitations that impede the Environmental Protection Agency's (EPA) ability to 
adequately monitor and develop a UFP standard. There is limited epidemiological data 
available on the health effects of UFP, no national network to monitor UFPs, and no 
standards to regulate emissions ofUFP. Our society needs to understand the associations 
between UFP and health outcomes such as cardiovascular disease. The results of my 
dissertation suggest reliable methods for addressing key challenges raised by health 
geographers and epidemiologists having to do with the effect of positional and temporal 
error residential location exposure assignment. 
In chapter two we identified how an exposure assignment that relies upon residential 
location with modest positional error may be appropriate for pollutants with less spatial 
and temporal variability than UFP (such as PMz.s). But for pollutants that decay rapidly 
as a function of distance from highways and major roadways, 35-50 m of positional error 
coupled with significant time spent away from home, even modest positional error could 
have a profound effect on exposure misclassification, including possible differential 
misclassification. These results are important for future research into UFP and traffic-
related air pollutants (TRAPs), because the assumption of error potentially resulting in 
non-differential misclassification has essentially been used as a rationale for not 
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including computationally intensive geocoding and time-activity adjustment strategies. In 
the future, large cohorts that study TRAPs will need to weigh the benefits of reducing 
positional error against the additional computational resources and time requirements. 
Conversely, smaller cohort studies that are able to reduce exposure misclassification from 
spatial error in the geocoding process and temporal error by integrating time-activity data 
will be able to increase their power to detect significant associations and reduce the need 
for larger cohorts. 
After identifying the sources and potential methods of reducing exposure 
misclassification, we identified significant differences between a traditional residential 
annual average (RAA) exposure model for particle number concentration (PNC) 
assignment and a time-activity adjusted (TAA)-PNC exposure assignment. The results 
comparing these models in an epidemiological study found differential exposure 
misclassification. T AA-PNC models increased the estimate of effect for the association 
with hsCRP and IL-6, albeit with widened confidence intervals. Our analysis indicates 
that improvements on RAA-PNC models through TAA may produce more accurate beta 
estimates. Health studies often rely upon residential proximity to roadways or use 
models that assign ambient exposure to TRAPs as being a person's place of residence, 
ignoring that most people do not spend 24 hours a day, 365 days a year inside of their 
home. Traditional exposure assignment techniques rely upon only a residential assigned 
annual exposures for TRAPs such as UFP, mischaracterizing effect due to differential 
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exposure misclassification related to time-activity. Combining the results from chapter 
two and three indicate how spatial and temporal sources of error during exposure 
assignment cannot be assumed to be non-differential and thereby ignored by sampling 
increasing sample size. Positional and temporal error from geocoding and mobility 
patterns are an understudied area of research in environmental health that requires greater 
research into understanding the directionality and magnitude of the error while also 
developing and improving methodologies in order to accurately study TRAPs. 
Addressing issues of exposure misclassification in chapters one and two, allowed us to 
provide evidence ofthe feasibility and benefit ofTAA in an epidemiological study. 
Chapter four provides the frrst analysis of the association between long-term exposure to 
UFP and markers of cardiovascular health. We found positive associations between 
TAA-PNC and hsCRP, IL-6 and TNFRII that were evident after adjusting for other 
cardiovascular disease risk factors. Our analysis indicates that negative confounding was 
reduced through adjustment of other CVD risk factors, and that time-activity adjusted 
UFP were associated with increased systemic inflammation. Future research studies 
should consider personal time-activity adjustment when conducting epidemiological 
analysis ofUFP. 
The results of my dissertation contribute to a new and growing b~dy of analyses that may 
inform future epidemiological studies of chronic UFP and health effects, as well as future 
policy discussions about whether to regulate UFP exposure and at what level. New policy 
solutions and monitoring strategies need to be developed if UFP concentrations are found 
to be causing adverse health effects in epidemiology studies (Knol et al. , 2009). 
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Future Directions for Particulate Matter Policy: Developing a UFP NAAQS 
UFP is sometimes referred to as "fresh" particles given that the half-life ofthe particle is 
short due to aggregation, evaporation and condensation in the atmosphere. The primary 
source of these particles is vehicle emissions, and concentrations tend to drop a short 
distance from roads (Zhu et al., 2006; Hagler et al., 2009). Few epidemiological studies 
have focused on UFP, given that the physicochemical properties of UFP impose 
significant challenges for representative fixed-site monitoring. EPA notes that "with 
respect to ambient concentrations ofUFPs, at present, there is no national network of 
UFP samplers, thus, only episodic and/or site-specific data sets exist" (EPA, 2009). 
The regional monitoring system for PM10 and PMz.s would not adequately capture the 
presence of UFPs, and many have argued that this makes development of an ambient 
monitoring network for UFPs and subsequent NAAQS regulations impractical. However, 
UFP has dispersion characteristics similar to total suspended particles (TSP), with a much 
greater influence from local versus regional sources. A UFP standard might rely on a 
similar monitoring system as was used for TSP, fixing stationary monitors at major 
highways and intersections where elevated concentrations would be anticipated. Evidence 
regarding exposure patterns could also be established by research studies incorporating 
mobile monitoring labs and modeling spatiotemporal patterns ofUFP concentrations 
(Durant et al., 201 0), which could inform a monitoring strategy that combines local 
measurements with predictive models (Patton et al., 2013). Further, control strategies 
within state implementation plans (SIP) might focus on local sources, but addressing 
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mobile sources rather than the industrial sources emphasized during the era of the TSP 
NAAQS. 
Since the TSP NAAQs, each subsequent revision of PM has been influenced by a variety 
of factors including available technology, physicochemical properties of each particle 
size, epidemiological studies, and political processes. The evolution of standards from 
TSP to PM2.s led to a change in the spatial scale of interest, with local-scale monitoring 
and reduction strategies appropriate for TSP gradually replaced by regional-scale 
monitoring and reduction strategies to deal more directly with PM2.s. Depending upon the 
future path the EPA takes with regards to UFP policy formation, we may see a 
continuation of the regional, a return to a local model, or a hybrid model that considers 
both local and regional-scale monitoring and reduction strategies. Recent developments 
at the EPA with regards to building a near roadway pollutants and health effects web-
page and directing more funding opportunities to study near roadway pollutants and 
mitigation strategies indicate the potential for future NAAQS development. A UFP 
NAAQS would fit into the current single pollutant structure and would benefit public 
health where there is a recognized excess risk and environmental justice issue with 
regards to an overburdened population. This research is the first to show that UFPs are in 
fact responsible for increasing levels for a subclinical marker for future CVD 
development. However, justification for NAAQS will require new longitudinal CVD 
cohort studies be developed or existing cohorts will need to integrate UFP analysis to 
build more direct evidence that the associations are casual. 
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